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Abstract 

 Monocular camera localization in known environments is a critical task for applications 
like autonomous navigation, augmented reality, and robotic positioning, requiring pre-
cise spatial awareness. Unlike localization in unknown environments, which builds maps 
in real time, this leverages pre-existing data for higher accuracy. This review comprehen-
sively analyzes monocular camera localization methods in known environments, catego-
rizing them into 2D-2D feature matching, 2D-3D feature matching, and regression-based 
approaches. It consolidates foundational techniques and recent advancements, providing 
inter-class and intra-class performance comparisons on mainstream datasets. Key find-
ings show that 2D-3D methods generally offer the highest accuracy, especially in struc-
tured outdoor environments, due to robust use of 3D spatial information. However, recent 
scene coordinate regression methods, such as ACE and ACE++, achieve comparable or 
superior performance in indoor scenes with more efficient pipelines. This review high-
lights challenges and proposes future directions: (1) synthetic data generation to meet 
deep learning demands, while addressing domain gaps; (2) improving generalization to 
unseen scenes and reducing retraining; (3) multi-sensor fusion for enhanced robustness; 
(4) exploring transformer-based and graph neural network architectures; (5) developing 
lightweight models for real-time performance on resource-constrained devices. This re-
view aims to guide researchers and practitioners in method selection and identify key 
research directions. 

Keywords: monocular camera localization; camera pose estimation; feature matching-
based localization; regression-based localization; deep learning 
 

 1. Introduction 
1.1. Overview 

In recent years, monocular camera localization has emerged as a cornerstone tech-
nology for a wide array of applications, ranging from autonomous navigation and robot-
ics to augmented reality and urban planning. Monocular camera localization involves es-
timating the precise 6 Degrees of Freedom (6-DoF) pose of a monocular camera using 2D 
visual information, which is crucial for tasks that require spatial awareness and interac-
tion with the physical world. Compared to localization systems that rely on other sensor 
data, such as Light Detection and Ranging (LiDAR) scans, Radio Detection and Ranging 
(RADAR) scans, RGB-D images, and wireless signals such as WiFi, monocular-camera-
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based localization offers the most flexibility and cost-effectiveness. Companies like Tesla, 
for example, aim to achieve full autonomy in their self-driving cars using only 2D cam-
eras, motivated by the lower cost of cameras compared to LiDAR and recent advance-
ments in deep learning technologies that can leverage the rich visual information pro-
vided by these images like never before [1–4]. Furthermore, the ubiquity of cameras, em-
bedded in everyday devices such as mobile phones, expands the potential applications of 
monocular camera localization, making it accessible and practical for widespread use 
across diverse contexts. 

While the problem of monocular camera localization has been extensively studied, it 
is often divided into two distinct scenarios: localization in known environments, where 
prior knowledge of the environment exists, and localization in unknown environments, 
where such prior knowledge is absent. Localization in known environments presents 
unique advantages over its counterpart in unknown settings. In environments where the 
structure, features, and layout are pre-determined and well documented, localization can 
achieve higher accuracy, greater computational efficiency, and faster convergence times. 
This is particularly important in applications like train positioning and automated ware-
house management, where the target operates within a fixed and predictable space, or for 
self-driving cars that find themselves in tunnels or underground parking lots where GNSS 
is compromised. The use of pre-existing data allows for more robust and reliable localiza-
tion, reducing the need for intensive real-time computation and mapping, as required by 
techniques based on Simultaneous Localization and Mapping (SLAM), which are tailored 
for unknown environments. This review focuses on monocular camera localization in 
known environments. 

1.2. Basic Principles of Monocular Camera Localization 

Monocular camera localization is the task of estimating the 6-DoF pose of a single 
camera from one RGB image. The 6-DoF pose consists of the camera’s 3D position (trans-
lation: x, y, z) and its 3D orientation (usually represented by a 3 × 3 rotation matrix, R, or 
a unit quaternion). 

The camera is modeled using the standard pinhole projection model. A 3D point, 𝚾௪ = ሾ𝑋௪,𝑌௪,𝑍௪ሿ், in the world coordinate system is projected onto the 2D image plane 
as pixel coordinates (𝑢, 𝑣) according to the following relationship: 𝑠 × ሾ𝑢, 𝑣, 1ሿ் = 𝐾 × ሾ𝐑|𝑡ሿ × 𝚾௪ (1)

where 𝐾 is the 3 × 3 intrinsic calibration matrix: 

𝐾 = ൥𝑓௫ 0 𝑐௫0 𝑓௬ 𝑐௬0 0 1 ൩, 𝑓௫  and 𝑓௬  are focal lengths in pixels, 𝑐௫  and 𝑐௬  are the principal point, s is a positive 
scale factor, 𝐑 is the 3 × 3 rotation matrix, and 𝑡 is the 3 × 1 translation vector. 

Two fundamentally different scenarios exist: 

1. Localization in unknown environments (online SLAM): The system builds a map of 
the scene in real time while simultaneously estimating the camera’s pose. 

2. Localization in known environments (the focus of this survey): A pre-existing map 
or reference dataset of the environment is already available. The map can take several 
forms: 

i. A database of reference images with known camera poses; 
ii. A 3D point cloud or mesh with associated visual descriptors; 

iii. A learned neural scene representation. 
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In the known-environment case, the task generally involves relating the query image 
to the prior map to recover the unknown camera pose (𝐑, 𝑡). This can be achieved through 
explicit feature correspondences or implicit learned mappings. 

Methods in this survey typically follow a high-level workflow, though variations ex-
ist (e.g., regression-based methods may integrate or bypass certain steps for end-to-end 
efficiency): 

(1) Feature extraction from the query image (using handcrafted keypoints and de-
scriptors, learned local features, or dense features from CNNs/Transformers; in re-
gression methods, this is often implicit within the network). 

(2) Relating the query to the known environment (via explicit matching, like 2D-2D im-
age-to-image or 2D-3D image-to-point-cloud correspondences, or implicitly through 
neural regression of poses or scene coordinates). 

(3) Pose computation either by solving a geometric problem (e.g., essential-matrix de-
composition for 2D-2D; Perspective-n-Point solver for 2D-3D) or by direct neural re-
gression (e.g., outputting the 6-DoF pose or per-pixel 3D coordinates followed by a 
lightweight solver). 

1.3. Existing Surveys and Limitations 

Several review papers have contributed to the field of monocular camera localization. 
For example, Wu et al. [5] present a comprehensive overview of image-based camera lo-
calization, categorizing approaches based on whether the environment is known or un-
known, and discuss Perspective-n-Point (PnP) solutions for known environments and 
Simultaneous Localization and Mapping (SLAM) for unknown environments. Piasco et 
al. [6] focus on the benefits of heterogeneous data in visual-based localization (VBL), em-
phasizing how various types of input, such as point clouds and semantic information, 
enhance robustness against environmental changes. Xin et al. [7] provide a detailed re-
view of VBL methods by classifying them into image-based, learning-based, and 3D struc-
ture-based localization, highlighting their strengths and limitations in complex scenes. 
Humenberger et al. [8] explored the role of image retrieval in visual localization through 
an exhaustive benchmark, categorizing localization paradigms into pose approximation, 
local 3D map-based localization, and global 3D map-based localization. They emphasize 
the need for retrieval approaches tailored to specific localization paradigms and note lim-
itations in current retrieval methods for dynamic and blurred scenes. 

Despite these valuable contributions, existing review studies are either broad in 
scope or lack detailed analyses and comparisons of methods and datasets. In addition, 
many studies focus heavily on methods applicable to both known and unknown environ-
ments without delving into the nuances of pre-mapped environments. Furthermore, 
given the rapid advancements in computer vision, deep learning, and sensor technology, 
there is a pressing need for an updated review that reflects the current state of the field. 
This paper aims to fill this gap by providing an in-depth review focused specifically on 
monocular camera localization in known environments. It consolidates both foundational 
techniques and recent developments to guide practitioners and researchers in under-
standing and selecting appropriate methods and identifying emerging trends and chal-
lenges within this specialized domain. 

1.4. Classification of Methods 

As shown in Figure 1, we broadly categorize the methods for monocular camera lo-
calization in known environments into three main types based on their underlying prin-
ciples: 2D-2D feature matching-based localization, 2D-3D feature matching-based locali-
zation, and regression-based localization. The 2D-2D matching-based methods determine 
the camera pose by comparing a query image against reference images within a pre- 
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constructed pose-tagged database. This category is further divided into approximate 2D-
2D localization, which estimates a coarse camera pose based on nearest-neighbor image 
retrieval, and precise 2D-2D localization, which refines the initial estimation using relative 
pose estimation techniques to achieve high accuracy. In contrast, 2D-3D feature matching-
based localization relies on matching 2D features from the query image to 3D scene points 
in a pre-built 3D map to compute the exact 6-DoF camera pose. This approach is divided 
into direct 2D-3D localization, where direct matching between image features and 3D 
points occurs, and hierarchical 2D-3D localization, which reduces computational over-
head by narrowing down the search space through an initial rough pose estimation. 
Lastly, regression-based localization bypasses explicit feature matching by leveraging 
deep learning models to directly predict the camera’s pose. This category includes abso-
lute pose regression, which estimates the global 6-DoF pose, and scene coordinate regres-
sion, which predicts the 3D scene coordinates for each pixel in the query image and refines 
the pose using a PnP solver. 

 

Figure 1. Classification of monocular camera localization methods for known environments. 

1.5. Survey Structure 

The remainder of this paper is organized as follows. Section 2 provides an overview 
of 2D-2D feature matching-based localization methods, discussing both approximate and 
precise approaches. Section 3 presents 2D-3D feature matching-based localization meth-
ods, including the creation of 3D prior maps, and direct and hierarchical strategies. Sec-
tion 4 reviews regression-based localization techniques, covering absolute pose regression 
and scene coordinate regression methods. Section 5 reviews the datasets and evaluation 
metrics commonly used to benchmark localization methods, summarizing their metadata 
and unique characteristics. Section 6 conducts a comparative analysis of the reviewed 
methods by evaluating their performance across key benchmark datasets. The analysis 
considers inter-class comparison, which evaluates how different localization paradigms—
2D-2D matching, 2D-3D matching, and regression-based methods—perform relative to 
one another, and intra-class comparison, which examines variations within each category. 
Section 7 discusses key challenges and proposes future research directions for monocular 
camera localization in known environments. Finally, Section 8 concludes the paper by 
summarizing key insights and offering actionable recommendations for researchers and 
practitioners. 

2. 2D-2D Feature Matching-Based Localization 
2D-2D feature matching-based localization (2D-2D localization) is a widely studied 

field in monocular camera localization in known environments. This approach primarily 
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involves matching a query image against a pre-constructed database of pose-tagged ref-
erence images by comparing their visual features. After retrieving the most similar image 
or set of images from the database, the system determines the posture information about 
the query image relative to the retrieved database images. An illustration of 2D-2D feature 
matching is shown in Figure 2. Based on a trade-off between localization accuracy and 
computational efficiency, 2D-2D localization techniques can be categorized into two sub-
types: Approximate 2D-2D localization and Precise 2D-2D localization. A flowchart illus-
trating the general workflow of these methods is shown in Figure 3. 

(a) Extracted features (keypoints) (b) Matched features 

Figure 2. An example of feature matching in 2D-2D methods. (a) Features are extracted from a query 
image and a database image, shown in green dots. (b) Correspondences between the two images 
are established by matching high-similarity feature pairs, which are connected by green lines. 

Figure 3. Overview of 2D-2D feature matching-based localization methods. (The top branch be-
longs to approximate 2D-2D localization, while the bottom branch belongs to precise 2D-2D locali-
zation.) 

2.1. Approximate 2D-2D Localization 

Approximate 2D-2D localization, also known as place recognition or visual geo-lo-
calization, typically approximates a rough 6-DoF pose for the query image by adopting 
the pose of the nearest neighbor or interpolating (linearly) between the poses of the top k 
retrieved images. This approach enables efficient localization at the cost of accuracy in 
scenarios where coarse camera poses are sufficient. The following is an overview of 2D-
2D feature matching-based localization methods. 
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Conventional Approximate 2D-2D localization methods primarily rely on hand-
crafted feature descriptors to extract local key point features from query and reference 
images. These key points are used to measure image similarity, enabling the system to 
retrieve the closest match within a reference database. However, modern techniques have 
since incorporated deep learning-based techniques, which capture more complex and 
richer image-level features, leading to superior performance over traditional methods. To 
provide a thorough understanding of the evolution of Approximate 2D-2D localization 
techniques, we present a chronological review of the representative methods, covering 
both the early conventional and recent deep learning-based approaches. 

2.1.1. Conventional Methods 

Foundational visual word-based matching techniques. The early successes of Ap-
proximate 2D-2D localization in retrieving images from large-scale databases were pri-
marily achieved by utilizing rather mature text retrieval architectures, particularly the 
bag-of-words (BoW) model. This adaptation was driven by the need to handle large-scale 
image databases efficiently, much like text retrieval systems manage vast collections of 
documents. 

In text retrieval, documents are represented as unordered collections of words, dis-
regarding grammar and word order—hence the term “bag-of-words.” Each document is 
then represented by a histogram indicating the frequency of each word from a predefined 
vocabulary. This representation allows for efficient indexing and retrieval using tech-
niques like inverted files. Similarly, in image retrieval, an image can be considered analo-
gous to a document, and local image features can be considered analogous to words. By 
treating local features as visual words, images can be represented as histograms over a 
visual vocabulary, enabling the application of text retrieval methods to images. 

The foundational concept of representing objects using visual words originates with 
the “Video Google” approach introduced by Sivic [9]. This method was inspired by text 
retrieval systems and laid the groundwork for using viewpoint-invariant region de-
scriptors with visual word indexing. It efficiently matches images through vector quanti-
zation, but it suffers from issues such as missing relevant matches due to quantization 
errors. Despite this limitation, the core idea of visual words became a cornerstone for sub-
sequent image retrieval methods. Building upon this foundation, Nister and Stewenius 
[10] introduced the vocabulary tree method, which addressed the scalability of visual 
word-based systems. By organizing local descriptors into a hierarchical tree, their system 
improved retrieval efficiency and memory usage. This innovation allowed for logarith-
mic-time retrieval and real-time adaptability, making it suitable for real-time applications 
like vision-based SLAM. The vocabulary tree was a key development in enabling large-
scale object recognition and image retrieval. 

Enhanced spatial matching and query refinement. Advancing the precision of im-
age retrieval, Philbin et al. [11] introduced spatial verification (SP) to complement visual 
word matching. By ensuring the spatial arrangement of features between query and re-
trieved images was consistent, they mitigated false positives caused by visual word am-
biguity. This technique significantly enhanced the robustness of image retrieval. That 
same year, Chum et al. [12] refined the retrieval process further through query expansion 
(QE). By iteratively refining the query using spatially verified matches, this method en-
hanced recall and precision, especially in datasets with occlusions. Both techniques played 
a key role in early visual word-based approaches by eliminating false positives and in-
creasing retrieval robustness. 

Probabilistic models. A departure from strict visual word matching came with the 
introduction of FAB-MAP [13], which leveraged probabilistic modeling. FAB-MAP im-
proved place recognition by modeling co-occurrence relationships between visual words, 
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making it more effective in handling perceptual aliasing—where distinct locations look 
similar. This probabilistic approach introduced an advanced level of robustness to place 
recognition, particularly in dynamic environments. 

Efficient feature representations. Moving toward more compact and efficient repre-
sentations, Perd’och et al. [14] proposed a compact, discretized representation of elliptical 
regions, learned through minimizing the average reprojection error in the space of ellip-
ses, which reduces memory usage to 24 bits per feature while maintaining high retrieval 
performance. This advancement tackled the growing memory demands of large-scale re-
trieval systems. Jégou et al. [15] introduced VLAD (Vector of Locally Aggregated De-
scriptors). By aggregating local image descriptors into a compact vector, VLAD outper-
formed traditional bag-of-words approaches while using less memory. This method al-
lowed for efficient large-scale retrieval, requiring as few as 16 to 32 bytes per image, mark-
ing a significant leap in the practicality of image retrieval for large datasets. 

Innovating query expansion. Chum et al. [16] proposed a novel approach to query 
expansion by introducing incremental Spatial Re-Ranking (iSP) and contextual Query Ex-
pansion (ctx QE). The method first applies spatial verification to eliminate false positives 
in the initial results, ensuring that only reliable images contribute to query refinement. 
Using iSP, it incrementally updates the query model by incorporating verified images, 
while ctx QE expands the query by learning spatially consistent features from nearby im-
age regions. This hybrid approach improves both recall and precision by iteratively refin-
ing the query. 

Refinements in descriptor matching and database augmentation. Arandjelović and 
Zisserman [17] introduced three significant enhancements to image retrieval systems. 
First, they proposed RootSIFT, a simple transformation of the SIFT descriptor using the 
Hellinger kernel, which substantially improved retrieval performance without additional 
computational cost. Second, they introduced Discriminative Query Expansion (DQE), 
which used a linear SVM to refine query expansion, outperforming traditional methods 
by learning to re-rank images based on relevance. Lastly, they introduced spatial data-
base-side feature augmentation (SPAUG) by incorporating spatial verification, ensuring 
that only spatially consistent features were used for augmentation. These advancements 
raised the bar for performance on multiple image retrieval benchmarks. 

Handling repetitive structures. The challenge of repetitive structures, such as build-
ing façades, fences, and road markings, was addressed by Torii et al. [18]. Their technique 
modified visual word weighting to prevent over-counting in the presence of repetitive 
patterns, improving matching accuracy in structured environments. However, manual 
adjustments were necessary for this approach to function optimally. 

Feature aggregation for discriminative representations. Kim et al. [19] introduced 
Per-Bundle VLAD (PBVLAD), which aggregates multiple SIFT features detected within 
maximally stable extremal regions into a fixed-size vector for more effective and discrim-
inative feature representation. By focusing only on the most relevant features, PBVLAD 
reduced false positives and enhanced retrieval accuracy, outperforming traditional VLAD 
and SIFT-based methods. This refinement was crucial for improving localization perfor-
mance in large-scale environments. 

View synthesis and DenseVLAD. To further enhance robustness of image retrieval 
in significant changes in appearance, such as illumination, seasons, and structural modi-
fications, Torii et al. [20] introduced a view synthesis method and DenseVLAD de-
scriptors. The authors synthesized virtual views from Google Street View panoramas and 
approximated depth maps, which are aligned with query images captured from similar 
viewpoints. In addition, they proposed DenseVLAD descriptors, which leverage densely 
sampled local gradient-based descriptors over a fixed grid instead of traditional keypoints 
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for improved robustness. DenseVLAD offers robustness against keypoint detection fail-
ures and captures both fine-grained details and global context. 

SMK and ASMK. Tolias et al. [21] introduced the Selective Match Kernel (SMK) tech-
nique to improve local feature matching. SMK prioritizes strong matches between local 
descriptors while suppressing weaker, less reliable matches. This technique addresses the 
burstiness phenomenon, where certain features dominate the matching process, leading 
to more balanced and accurate retrieval results. Built upon the SMK, the authors also pro-
posed Aggregated Selective Match Kernel (ASMK), which aggregates local descriptors 
assigned to the same visual word. This joint encoding of local descriptors not only en-
hances robustness against descriptor redundancy but also improves scalability by reduc-
ing memory requirements. ASMK further handles burstiness through advanced normali-
zation techniques, making it more effective for large-scale image retrieval tasks. 

In summary, the conventional Approximate 2D-2D localization methods—from 
early bag-of-words and vocabulary tree approaches to advanced spatial verification, 
query expansion, and VLAD/ASMK aggregations—established the core principles of effi-
cient, scalable image retrieval using handcrafted local descriptors. Although effective, 
these methods rely on handcrafted features and fixed models, which inherently limit their 
adaptability to varying scene conditions and complexities, particularly when compared 
with the deep learning methods that emerged later. 

2.1.2. Deep Learning-Based Methods 

In later years, the rise of deep learning revolutionized the field of computer vision, 
providing a more powerful and flexible framework for approximate 2D-2D localization. 
Deep learning-based methods utilize deep convolutional neural networks (CNNs) to au-
tomatically learn and extract robust feature representations from images. These deep fea-
tures have been shown to outperform handcrafted descriptors by capturing higher-level 
semantic information, making them better suited for complex and diverse image retrieval 
tasks. 

Early CNN-based descriptors. The initial breakthroughs in deep learning for image 
retrieval came with the introduction of global descriptors like SPoC (Sum-Pooling of Con-
volutional Features) by Babenko and Lempitsky [22], which aggregates features from the 
last convolutional layer of a pre-trained CNN using simple sum pooling. This simple yet 
effective approach demonstrated that deep convolutional features could outperform tra-
ditional handcrafted features like SIFT, paving the way for CNN-based methods in image 
retrieval. Around the same time, Tolias et al. [21] introduced R-MAC (Regional Maximum 
Activations of Convolutions), a technique that extracts regional features at various scales, 
encoding multiple image regions for more precise retrieval. This innovation demonstrated 
the potential of CNNs to handle image variations more effectively than global descriptors 
alone. Building on these early methods, Gordo et al. [23] proposed Deep Image Retrieval 
(DIR), which enhances R-MAC by introducing a triplet ranking loss to improve the quality 
of regional features and replacing the rigid grid with a more flexible Region Proposal Net-
work (RPN). This allows for more content-aware pooling and better localization of regions 
of interest. Also in 2016, Arandjelovic et al. [24] introduced NetVLAD, which integrated 
VLAD pooling into a CNN architecture, enabling end-to-end learning for place recogni-
tion under extreme variations in viewpoint, lighting, and seasonal conditions. Meanwhile, 
Radenović et al. [25] introduced the MAC (Maximum Activations of Convolutions) model, 
which provides a compact image representation derived from the maximum activation 
values of feature maps in a convolutional neural network. By applying max-pooling over 
each feature map, MAC produces a fixed-length descriptor that is highly efficient for im-
age retrieval tasks. It eliminates the need for manual region selection, leveraging the 
strongest activations to represent the most salient image features. The MAC descriptor is 
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further enhanced with L_2-normalization for robust similarity measurement. Further-
more, Kalantidis et al. [26] introduced the CroW (Cross-dimensional Weighting) model to 
aggregate deep convolutional features for image retrieval. It applies non-parametric spa-
tial and channel-wise weighting to enhance the relevance of highly active spatial regions 
and reduce the impact of bursty features in convolutional layers. CroW improves upon 
traditional feature aggregation methods by addressing feature imbalance and preserving 
discriminative information. 

Attention mechanism. In 2017, Noh et al. [27] introduced DELF (DEep Local Fea-
tures), which incorporates attention mechanisms for local feature selection. DELF uses an 
attention mechanism to select semantically relevant keypoints, improving the discrimina-
tive power of local features. This approach allows DELF to excel in challenging environ-
ments with clutter, occlusion, and variable scales. 

E2E-R-MAC. Gordo et al. [28] introduced an end-to-end learning framework for im-
age retrieval, building upon their previous R-MAC descriptor. It integrates all stages of 
descriptor extraction, including region pooling and dimensionality reduction, into a sin-
gle differentiable CNN. The model is trained using a triplet-based ranking loss to optimize 
the retrieval task directly, rather than relying on classification. Improvements include a 
learned pooling mechanism and multi-resolution descriptors, enabling robust retrieval 
across scales and viewpoints. E2E-R-MAC significantly outperformed state-of-the-art 
methods on benchmarks like Oxford5K and Paris6K at the time while remaining compu-
tationally efficient and scalable. 

GeM and αQE. In 2018, Radenović et al. [29] introduced a novel approach that lev-
eraged SfM to automatically generate training data, making it easier to fine-tune CNNs 
for image retrieval. Their work also introduced the Generalized Mean (GeM) pooling 
layer, a trainable pooling method that generalizes max and average pooling, significantly 
improving feature aggregation and retrieval performance. This was combined with 
learned whitening, a discriminative whitening technique, to optimize descriptor repre-
sentations further. Additionally, the study proposed α-weighted Query Expansion (αQE) 
as an improvement over the standard Average Query Expansion (AQE). While AQE ag-
gregates descriptors of top-ranked images with equal weights, αQE assigns weights to 
these images based on their similarity to the query, providing a more robust and stable 
query expansion strategy. 

Improving the ASMK. Teichmann et al. [30] proposed a variant of the ASMK frame-
work named Regional Aggregated Selective Match Kernel (R-ASMK) to enhance image 
retrieval. Unlike traditional ASMK, which aggregates descriptors from the entire image, 
R-ASMK leverages deep learning-based region detection to aggregate local features selec-
tively from relevant parts of an image, improving discriminative power and down-
weighting irrelevant features. This method retains the dimensionality of the image de-
scriptor while improving accuracy. 

Hypergraph model for enhanced spatial propagation. An et al. [31] introduced a 
novel Hypergraph Propagation + Community Selection model to address the limitations 
of traditional query expansion and diffusion methods. The proposed Hypergraph Propa-
gation efficiently propagates spatial information across a hypergraph structure that con-
nects local features across multiple images. This approach achieves better retrieval accu-
racy by resolving ambiguities caused by relying on scalar edge weights in conventional 
graphs. Additionally, they proposed a Community Selection technique to reduce the com-
putational overhead of spatial verification while maintaining high accuracy. 

Robust multi-scale descriptors. The HOW model [32] improves image retrieval by 
efficiently combining global and local descriptors. It trains local descriptors indirectly us-
ing a contrastive loss on global optimization, which simplifies training by avoiding local 
correspondences. The model integrates local descriptors with the ASMK framework, 
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which enables robust and memory-efficient matching. With attention mechanisms priori-
tizing stronger features and multi-scale inference improving robustness, HOW achieved 
state-of-the-art performance on benchmarks like ℛOxford and ℛParis at the time. Also 
in 2020, Cao et al. [33] introduced the DELG (DEep Local and Global features) model, 
which unifies global and local image features into a single framework for efficient and 
accurate image retrieval. DELG employs a CNN to extract global features using GEM 
pooling, which effectively captures high-level, semantic information, and local features 
using an attention-based keypoint detector, optimized for discriminative regions. DELG 
also integrates a convolutional autoencoder for dimensionality reduction, streamlining 
feature compactness without additional post-processing. Hausler et al. [34] introduced 
Patch-NetVLAD, which combines local and global descriptors for robust place recogni-
tion. By deriving patch-level features from NetVLAD residuals and fusing multiple patch 
sizes, the approach enhances both spatial and appearance consistency across images. This 
multi-scale fusion mechanism enables the system to handle changes in viewpoint and il-
lumination effectively. Yang et al. [35] introduced a single-stage Deep Orthogonal Local 
and Global (DOLG) method that integrates local and global features into a compact de-
scriptor using an orthogonal fusion mechanism. The framework employs a global branch 
based on ResNet, enhanced with GeM pooling, and a local branch with multi-atrous con-
volution and self-attention to capture spatially discriminative features. The orthogonal 
fusion module extracts complementary local components orthogonal to the global fea-
tures, ensuring efficient feature integration while reducing redundancy. Unlike traditional 
two-stage retrieval pipelines, DOLG bypasses the need for re-ranking and reduces error 
accumulation. Meanwhile, Wu et al. [36] proposed a novel Tokenizer module that aggre-
gates deep local features into a compact set of visual tokens, each representing a specific 
visual pattern. This allows the model to focus on semantically meaningful regions while 
reducing the impact of background noise. The tokens are further enhanced using self-
attention and cross-attention mechanisms to capture relationships across the image. This 
tokenization enables a highly compact global representation with strong regional match-
ing capability. In 2022, Weinzaepfel et al. [37] introduced the FIRe model, which uses an 
iterative attention module that refines feature maps to focus on semantically meaningful 
and discriminative regions. Its novel features are called super-features. By using a con-
trastive loss combined with a decorrelation loss to diversify the features, this method bal-
ances the strengths of both local and global features and addresses the redundancy and 
mismatch issues commonly seen between local features and global image-level losses 
used in other retrieval systems. Similarly, Shao et al. [38] proposed SuperGlobal, a method 
using only global features for image retrieval and re-ranking, bypassing computationally 
expensive local feature matching. They optimized global feature extraction by enhancing 
GeM with Regional-GeM and Scale-GeM to effectively capture regional and multi-scale 
information. In the re-ranking stage, SuperGlobal updates global features dynamically 
based on the query and top-ranked images, significantly improving retrieval performance 
while being memory and compute-efficient. 

Transformer-based architectures. Tan et al. [39] proposed Re-Ranking Transformers 
(RRTs), which combine global and local descriptors to efficiently re-rank top-matching 
images in image retrieval tasks. RRTs use a transformer to predict image pair similarity 
in a single pass, eliminating the need for computationally expensive geometric verifica-
tion. This lightweight method outperformed traditional re-ranking techniques with fewer 
resources. Additionally, Wei et al. [40] introduced Visual Overlap Prediction (VOP), a 
novel method for place recognition focused on predicting the visual overlap between 
query and database images using patch-level embeddings. Their system leverages a Vi-
sion Transformer (ViT) backbone to establish patch-to-patch correspondences, moving 
away from traditional global similarity measures. VOP’s use of a voting mechanism for 
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overlap prediction proved especially effective in handling occlusions and partial overlaps, 
leading to improvements in localization accuracy in large-scale indoor and outdoor da-
tasets. 

Enhancing nighttime retrieval. Mohwald et al. [41] proposed Dark Side Augmenta-
tion to target the challenge of image retrieval in difficult nighttime scenarios. They used a 
Generative Adversarial Network (GAN)-based synthetic-image generator to synthesize 
night images from daytime data. The approach significantly enhanced retrieval perfor-
mance on challenging nighttime benchmarks while maintaining strong results on stand-
ard datasets. 

2.2. Precise 2D-2D Localization 

Precise 2D-2D localization focuses on obtaining an accurate 6-DoF camera pose by 
refining the initial result from the approximate 2D-2D localization. This refinement pro-
cess, known as relative camera pose estimation, calculates the query image’s pose relative 
to one or more retrieved database images. Since the poses of these database images are 
already known, the precise pose of the query image is determined through geometric 
transformations. 

Precise 6-DoF monocular camera localization has traditionally been addressed using 
2D-to-3D feature matching-based techniques, while using 2D-2D techniques for precise 
localization received limited research focus until the advent of deep learning. This is be-
cause conventional relative pose estimation methods depend on a sufficient number of 
matched key points between the query image and retrieved database images to accurately 
estimate the query’s pose. Achieving this requires a significant overlap between the query 
image and the retrieved database images. However, in real-world scenarios, creating an 
image database for a large 3D environment with such dense coverage may not always be 
practical. 

Classical geometry method. An early system for precise 2D-2D localization in urban 
environments was introduced by Zhang and Kosecka [42]. Their approach combined SIFT 
feature-based matching with a voting mechanism to identify candidate views, followed 
by robust motion estimation to determine the accurate camera pose. The motion estima-
tion used either the essential matrix or a homography, depending on whether the points 
are in general position or lie on a plane. They also employed a RANSAC-based method to 
deal with the high percentage of outliers caused by repetitive structures in urban environ-
ments. However, in cases where reference views are sparsely distributed with minimal 
overlap, making reliable motion estimation difficult, the system resorts to interpolation 
for rough location estimates. 

Deep learning-based approaches. With the rise of deep learning, CNN-extracted 
global features have proven effective in handling large viewpoint variations, leading to 
increased attention on precise 2D-2D localization. For instance, Melekhov et al. [43] intro-
duced a CNN for relative camera pose estimation, which marked a shift towards deep 
learning in 2D-to-2D localization. Their Siamese network architecture took pairs of RGB 
images as inputs and directly estimated the relative rotation and translation between the 
cameras. This approach outperformed traditional feature-based methods (e.g., SURF and 
ORB) in handling large viewpoint variations. Laskar et al. [44] introduced Relative PN, a 
deep learning-based approach for precise 2D-to-2D localization. Their method utilizes a 
dual-branch Siamese CNN, pre-trained on the ImageNet dataset [45], to perform both ap-
proximate 2D-2D localization and relative pose estimation and then uses a RANSAC-
based approach to triangulate the absolute camera position from the obtained relative 
poses. A significant advantage of this approach is that the CNN is trained on one dataset 
but can be applied to various environments, which enhances scalability and generaliza-
tion. In addition, Balntas et al. [46] further advanced the field by introducing RelocNet, 
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which incorporated continuous metric learning for feature representation. Their method 
leverages the concept of camera frustum overlap to optimize the feature embedding net-
work, ensuring that feature descriptors capture changes in camera pose. A pose regressor 
then infers finer relative poses between the query and nearest-neighbor images, using a 
geometric loss. This approach improved both retrieval accuracy and fine pose estimation, 
leading to more precise localization compared to earlier methods, especially in large-scale 
environments. 

A lightweight architecture. Saha et al. [47] introduced the novel concept of anchor 
points for precise 2D-2D localization. AnchorNet, inspired by human landmark-based 
navigation, simultaneously predicts the most relevant anchor point in the scene and esti-
mates the camera’s relative offset from it. This multi-task learning approach uses CNNs 
to both classify the anchor point and regress the offsets. By focusing on anchor points, this 
method reduced the memory and runtime requirements compared to the multi-stage 
methods. However, its performance can be influenced by the visibility of anchor points. 

Multi-stage pose refinement. Ding et al. [48] proposed CamNet, a triple-step coarse-
to-fine localization framework based on a Siamese architecture that significantly im-
proved the precision of 2D-2D localization. By separating the tasks of image-based coarse 
retrieval, pose-based fine retrieval, and precise relative pose regression into distinct mod-
ules, CamNet reduces task interference and refines pose estimates at each stage. Its use of 
novel loss functions, such as bilateral frustum loss and angle-based loss, further enhances 
retrieval and regression accuracy, particularly in scenes with large viewpoint variations. 

Targeting structured environments. Li et al. [49] introduced a novel method for line-
based absolute and relative pose estimation, specifically targeting structured environ-
ments. Their technique decoupled the rotation and translation components of the pose 
estimation process, proposing a two-step method for computing the rotation matrix. By 
leveraging the structural regularity of environments, such as parallelism and orthogonal-
ity, the method achieved highly precise pose estimates while being computationally effi-
cient in environments with prominent structural features. 

Combining classical and learning-based methods. Zhou et al. [50] presented a hy-
brid approach, EssNet, that combined classical feature-based methods with deep learning 
for relative pose estimation. They employed a Siamese-modified ResNet34 network with 
a fixed matching layer and introduced distinct matching layers to generate a score map 
for further regression and essential matrix optimization. Additionally, they integrated es-
sential matrix estimation into a novel RANSAC-based framework to refine pose estimates. 
While the feature extraction was based on deep learning, the essential matrix regression 
maintained the reliability of classical methods. 

Tackling a wide baseline. Chen et al. [51] tackled the challenge of wide-baseline rel-
ative camera pose estimation by introducing DirectionNet, which estimates a discrete dis-
tribution over the relative pose space instead of regressing poses directly. This method 
factorized relative camera poses into sets of 3D direction vectors and predicted them 
through CNNs, significantly improving pose estimation performance in low-overlap, 
large-motion scenarios. 

3. 2D-3D Feature Matching-Based Localization 
2D-3D feature matching-based localization (2D-3D localization), or structure-based 

localization, is the mainstream approach in monocular camera localization within known 
environments for precise 6DOF pose estimation. It relies on identifying and matching dis-
tinctive visual features between images and a pre-constructed 3D model of the environ-
ment. An illustration of 2D-3D feature matching is shown in Figure 4. While 2D-2D meth-
ods provide efficient but coarse localization, 2D-3D methods generally deliver 6 -DoF pose 
estimation with significantly higher accuracy. However, the use of 3D models often comes 
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with increased computational demands. Based on the scale involved, 2D-3D localization 
methods can typically be divided into two sub-categories: direct 2D-3D localization and 
hierarchical 2D-3D localization. 

 

Figure 4. An example of matched features in 2D-3D matching. (Extracted features of the 2D image 
and 3D map are shown in green dots, while the correspondences between them are connected in 
red lines). 

Direct 2D-3D localization involves matching the 2D image features directly to 3D 
scene features to establish correspondences and compute the camera pose. This approach 
relies heavily on the quality of feature detection and description to find precise corre-
spondences between the query image and the 3D model, and it can achieve optimal local-
ization in small- and medium-scale environments. On the other hand, hierarchical match-
ing is an extension of direct matching that uses a hierarchical approach to first obtain 
rough camera pose estimations using 2D-2D approaches or sensors, such as GPS or a mag-
netic compass, and then uses the results to infer 2D-3D correspondences. This approach 
is efficient for large-scale environments, narrowing down the search space; however, it 
comes at a sacrifice in localization accuracy since the 3D map reduction can sometimes 
lead to a loss of necessary information. A flowchart illustrating the general workflow of 
these methods is shown in Figure 5. 
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Figure 5. Overview of 2D-3D feature matching-based localization methods. (The top branch be-
longs to direct 2D-3D localization, while the bottom branch belongs to hierarchical 2D-3D localiza-
tion.) 

In the following, we review the methods for constructing 3D prior maps; techniques 
for direct matching and hierarchical matching in feature matching-based localization; and 
discuss the strengths, limitations, and applications of these techniques. 

3.1. Creating a 3D Prior Map 

An essential component of 2D-3D-matching-based localization is the construction of 
a 3D prior map of the environment. This map serves as a reference model against which 
features from new query images are matched to determine the 6-DoF camera pose. The 
3D map can be constructed using various methods, including SfM, LiDAR-based scan-
ning, and other point cloud generation methods. 

Structure-from-Motion (SfM) [52]: SfM dominated the early stage of 2D-3D locali-
zation. It utilizes a collection of images captured from multiple viewpoints to reconstruct 
the three-dimensional geometry of the environment. Feature detection and matching al-
gorithms identify correspondences between images and enable the triangulation of 3D 
points in space, resulting in a 3D point cloud that represents the structural layout of the 
environment. Each 3D point is associated with visual descriptors extracted from the im-
ages, creating a rich database that links visual appearance to spatial geometry. 

LiDAR-based scanning: Recent studies have largely employed Light Detection and 
Ranging (LiDAR), which uses laser pulses to measure precise distances to objects. It can 
directly generate highly accurate and dense point clouds that capture the exact geometry 
of the environment, regardless of lighting conditions. LiDAR is particularly effective for 
large-scale outdoor environments and complex indoor spaces. The point cloud data from 
LiDAR can be combined with visual information by mapping textures or associating vis-
ual features, thereby enhancing feature matching techniques. techniques. 

Beyond the widely used SfM and LiDAR, other technologies contribute to 3D map 
construction: 

• RGB-D sensors: Devices like Microsoft Kinect and Intel RealSense capture both color 
and depth (i.e., RGB-D) information simultaneously. These sensors can generate real-
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time 3D maps and are especially useful for indoor environments where lighting con-
ditions are controlled. 

• Innovative Point Cloud Generation: In response to the rapid advancement of sensor 
technologies, novel point cloud data types have emerged. These include multisource 
fusion point clouds [53] and Interferometric Synthetic Aperture Radar (InSAR) point 
clouds [54], which have shown exceptional value and distinct advantages in recent 
research [55–57]. 

• Synthetic Data and Virtual Reconstructions: Architectural models or Building In-
formation Modeling (BIM) data can be used to generate virtual 3D environments [58–
60]. These synthetic maps are beneficial for environments where physical data collec-
tion is impractical. 

3.2. Direct 2D-3D Localization Methods 

Direct 2D-3D localization techniques aim to directly establish correspondences be-
tween 2D features detected in query images and 3D features in a pre-constructed map of 
the environment. The core principle of direct matching involves three main steps: first, 
extracting distinctive features from the query images. These features are described using 
descriptors that capture the local appearance around each feature point. Second, matching 
the image feature descriptors to those associated with the 3D points in the map. Third, 
computing the camera pose from the established 2D-3D correspondences using a Perspec-
tive-n-Point (PnP) solver [61–65] inside a random sample consensus (RANSAC) loop [66–
70]. 

3.2.1. SfM-Based Methods 

The foundation of direct 2D-3D localization is rooted in Structure-from-Motion (SfM) 
research [71], which enables 3D points to acquire 2D visual features by generating 3D 
point clouds from 2D images. 

Early foundation. The main bottleneck in early direct 2D- 3D localization was the 
heavy computations and memory costs associated with retrieving features from large 3D 
models. Arth et al. [72] introduced an approach suitable for mobile devices by utilizing a 
sparse 3D reconstruction divided into potentially visible sets (PVSs). By precomputing 
these PVSs and loading only relevant portions of the model, the method enables efficient 
memory usage, making 2D-3D localization feasible on hardware with limited resources. 

Optimizing feature matching. To target such issues more effectively, in the early 
2010s, a focus on optimizing the matching process emerged. Li et al. [73] introduced a 
prioritized feature matching technique to improve efficiency. Instead of matching 2D fea-
tures from a query image to all 3D points in the model, their approach prioritizes the most 
reliable 3D points based on their visibility across multiple views, thus efficiently reducing 
the number of comparisons needed and speeding up the localization process without sac-
rificing accuracy. Sattler et al. [74] expanded this work by introducing visual vocabulary 
quantization and a prioritized correspondence search, allowing for efficient localization 
in large-scale urban environments. This method laid the foundation for handling massive 
datasets by narrowing down the search space using visual words. Sattler et al. [75] then 
introduced active correspondence search, which combines 2D-to-3D and 3D-to-2D match-
ing strategies to enhance the retrieval of 2D-3D correspondences. By guiding 3D-to-2D 
searches using initial 2D-to-3D matches, the nearby 3D points can also be considered dur-
ing the matching process, significantly increasing the number of high-quality matches. 
Subsequently, Paudel et al. [76] addressed challenges in direct 2D-3D matching, such as 
unknown 2D-3D correspondences, outliers, and occlusions, by incorporating a con-
strained nonlinear optimization framework. This framework minimizes projection errors 
while preserving relationships between image pairs. The method also introduces a scale 
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histogram to resolve scale ambiguities and uses an M-estimator to reduce the effect of data 
inaccuracies. 

Efficient memory and faster speed. Sattler et al. [77] improved memory efficiency 
and localization accuracy by introducing hyperpoints and fine visual vocabularies. In-
stead of directly matching descriptors, they proposed quantizing 3D descriptors into a 
fine visual vocabulary and representing each 3D point using multiple visual word IDs. 
Thus, each 2D query feature can be associated with a set of hyperpoints. This approach 
defers disambiguation during voting and preserves more information for matching, en-
suring local uniqueness among correspondences. Also in 2015, Feng et al. [78] proposed 
using binary descriptors like BRISK and FRIF to speed up feature extraction. To counter 
the slower matching performance of binary features, they developed a supervised index-
ing approach using randomized trees. This approach brought significant speedups in 
matching performance while maintaining high accuracy. Sattler et al. [79] further im-
proved the efficiency of large-scale 2D-3D localization by proposing an Active Search (AS) 
method, which prioritizes features likely to yield 2D-to-3D matches and terminates corre-
spondence searches once sufficient matches are found. They also integrated 3D-to-2D 
matching to recover matches lost due to quantization, which leverages co-visibility infor-
mation from the SfM process. 

Handling large-scale environments. Liu et al. [80] focused on improving global 2D-
to-3D matching accuracy in large-scale environments. They proposed a Markov network, 
which captures both the global contextual information and the co-visibility relationships 
between 3D points. By considering global compatibility between all matching pairs, the 
system can effectively resolve matching ambiguities in large-scale environments with re-
petitive structures. 

Revisiting visual vocabularies. Song et al. [81] revisited the issue of quantization 
artifacts in visual vocabularies, which can cause lost matches and reduced localization 
accuracy. They proposed two mechanisms to recover lost matches: visibility-based re-
calling, which leverages co-visibility information from the 3D model, and space-based re-
calling, which relies on the spatial layout of features in the query image. These mecha-
nisms improve the inlier ratio and localization accuracy with minimal computational 
overhead. 

3.2.2. 3D-Scanner-Based Methods 

While SfM-based methods have been instrumental in visual localization, they come 
with significant limitations. Creating 3D models with SfM is computationally expensive, 
and it tends to struggle with texture-less regions—often producing low-quality recon-
structions or missing these areas entirely. In contrast, modern 3D-scanners like LiDAR, 
Microsoft Kinect, Matterport, and Faro offer high-quality, dense point clouds without the 
need for SfM. These scanners can capture large areas much more efficiently and with 
greater detail, particularly in texture-less regions where SfM fails, providing more accu-
rate and robust data for localization. The direct 2D-3D localization methods in recent years 
have shown a significant transition from SfM-based methods to 3D-scanner-based meth-
ods. 

Transition to 3D-scanner-based methods. The earliest transition came from Nadeem 
et al. [82], who bypassed the need for SfM by using LiDAR scanners to generate dense 
point clouds and directly matching 2D image keypoints (e.g., SIFT) with 3D point cloud 
keypoints (e.g., 3D-SIFT or RIFT). This foundational work introduced Descriptor-Matcher, 
trained on pairs of 2D and 3D descriptors, and set the stage for future research by offering 
a method to handle dense and detailed 3D data more efficiently. Building on this work, 
Nadeem et al. [83] introduced Unconstrained Matching (UM), which automatically col-
lects a large number of matched 3D and 2D points and employs a two-stage coarse-to-fine 
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Descriptor-Matcher. This innovation improved the precision and computational efficiency 
for descriptor matching. Feng et al. [84] introduced 2D3D-MatchNet, an end-to-end deep 
learning framework. This approach separately extracts 2D features using SIFT and 3D fea-
tures using ISS and then jointly learns 2D and 3D descriptors using deep networks, sig-
nificantly improving robustness in 2D-3D correspondences. The deep learning shift 
marked the next step in robust, automated matching. Following the dual-pipe approach, 
Pham et al. [85] introduced a dual auto-encoder neural network, LCD, designed to learn 
cross-domain descriptors for matching between 2D images and 3D point clouds. The sys-
tem maps 2D and 3D inputs into a shared latent space and improves descriptor discrimi-
nation by using a triplet loss function. The method outperforms traditional descriptor 
methods in matching accuracy. 

Graph network. In 2020, Yu et al. [86] introduced a novel Bipartite Graph Network 
(BGNet) for 2D-3D matching. By constructing a bipartite graph of 2D points and 3D 
points, BGNet predicts the likelihood of each 2D-3D correspondence being an inlier. In 
addition, the method applies a Hungarian pooling layer to ensure optimal one-to-one 
matches, especially for challenging conditions such as varying illumination or repetitive 
patterns. 

Targeting structured environments. Yu et al. [87] proposed extracting 3D geometric 
lines from LiDAR maps and matching them with 2D line features detected from video 
frames. This method utilizes visual–inertial odometry (VIO) for coarse pose prediction 
and iteratively optimized 2D-3D matches to minimize projection errors. The proposed 
system offers a lightweight solution for robust localization in structured environments. 

Scene-agnostic approach. Sarlin et al. [88] presented PixLoc, which separates scene 
geometry from network parameters, enabling generalization without retraining. The 
model employs a multi-scale feature extraction pipeline using a CNN and refines poses 
through differentiable Levenberg–Marquardt optimization. A novel uncertainty-based 
weighting mechanism learns to ignore dynamic objects and repetitive patterns, focusing 
on stable scene elements. 

Cross-domain and fully end-to-end learning. Lai et al. [89] introduced 2D3D-
MVPNet, a network designed to learn cross-domain feature descriptors for matching be-
tween 2D image patches and 3D point cloud volumes. The method incorporates an image-
based point cloud encoder to fuse multi-view projections of 3D point clouds with raw 
point cloud data, ensuring that both geometry and color texture information are captured. 
To handle the unordered nature of multi-view inputs, the authors introduced a multi-
feature fusion module that uses a symmetric function. In 2023, Kim et al. [90] introduced 
a fully end-to-end approach, EP2P-Loc, that directly matches 3D point clouds to 2D image 
pixels without requiring keypoint detection. By employing a coarse-to-fine strategy, the 
method first retrieves relevant point cloud submaps and then uses 2D patch classification 
and positional encoding to locate the exact 2D pixel coordinates of the 3D points. EP2P-
Loc also integrates a differentiable PnP solver, which enables efficient end-to-end 6DOF 
pose estimation. 

Advancing descriptor representations. In 2022, Zhou et al. [91] proposed GoMatch, 
which eliminates the reliance on visual descriptors. By leveraging only geometric infor-
mation through bearing vectors, GoMatch sidesteps the need for storage-heavy visual de-
scriptors, significantly reducing storage requirements. Additionally, the method employs 
a self- and cross-attention mechanism to enhance matching robustness, particularly 
against outliers. In 2024, Nguyen et al. [92] introduced FUSELOC, which fuses global and 
local descriptors to enhance direct 2D-3D matching for visual localization. Using a 
weighted average operator, FUSELOC rearranges the local descriptor space to reduce 
search space ambiguity. This ensures that geographically distant descriptors are less likely 
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to compete with relevant ones. This fusion of descriptors significantly improves accuracy 
over local-only methods. 

3.3. Hierarchical 2D-3D Localization Methods 

Instead of relying on a global 3D map for localization, hierarchical matching tech-
niques aim to reduce computational costs by limiting the size of the 3D map used for 
feature matching, though this often comes at the expense of accuracy. Depending on 
whether image retrieval or a positioning sensor is used, this is often achieved in one of 
two ways: (1) Image-retrieval-assisted methods: This approach retrieves database images 
similar to the query image and then uses the top K retrieved images to reduce the number 
of SfM points involved in the matching process. (2) Sensor-assisted methods: On the other 
hand, sensor-assisted methods estimate a rough camera pose using positioning sensors, 
like an Inertial Measurement Unit (IMU), gravity, compass, GPS, or radio signals (such as 
WiFi and Bluetooth). This initial pose narrows down the relevant portion of the 3D model 
for matching, which is then refined using a direct 2D-3D localization method. While SfM-
based 3D models typically use the former or a combination of both strategies, 3D-scanner-
based 3D models, where the 3D points are not linked to any 2D visual features, rely solely 
on the sensor-assisted approach. 

Early image-retrieval-assisted methods. Irschara et al. [93] first introduced a fast im-
age-retrieval-assisted 2D-3D localization method using SfM point clouds. The approach 
utilizes a vocabulary tree for efficient retrieval of relevant 3D point fragments directly 
from the point cloud, rather than searching an entire image database. Once these candi-
date points are identified, 2D-3D matching is performed between the query image features 
and the retrieved 3D point fragments. In addition, the authors proposed a compressed 3D 
scene representation to reduce memory usage while maintaining recognition accuracy. 
Despite the improvements in localization speed and efficiency offered by this hierarchical 
approach, direct 2D-3D methods remained dominant at the time due to their superior lo-
calization accuracy. To bridge this gap, Sattler et al. [94] revisited image-retrieval-assisted 
2D-3D localization and analyzed the performance gap between hierarchical and direct 
matching methods. They introduced selective voting schemes and Hamming embeddings 
of feature descriptors to reduce false positives in hierarchical methods. This approach 
closes the performance gap between the hierarchical and direct matching while further 
improving the efficiency of localization. 

Reducing 3D model size. Cao and Snavely [95] focused on reducing the size of SfM-
based 3D models. They introduced a minimal scene description method focused on visi-
bility coverage and feature distinctiveness. Their probabilistic framework employs a K-
cover algorithm to select a minimal subset of 3D points while ensuring the distinctiveness 
of feature descriptors for robust localization. This approach significantly reduces memory 
consumption while maintaining good recognition performance. Additionally, Sattler et al. 
[96] questioned the necessity of using large-scale 3D models in direct 2D-3D localizations. 
Their system first retrieves relevant images based on a query and then constructs local 3D 
models around the retrieved images. The combination of image retrieval with local recon-
structions provides pose estimates that are as accurate as structure-based methods while 
significantly reducing memory and computational costs. This hybrid approach suggested 
that large 3D models might not always be necessary for accurate visual localization, espe-
cially in large-scale urban environments. 

Hybridization of direct and hierarchical methods. In 2018, Camposeco et al. [97] 
introduced a hybridization of direct and hierarchical 2D-3D approaches. They proposed 
a novel RANSAC-based framework that automatically selects the most appropriate solver 
for camera pose estimation. Depending on the quality of the 2D-3D and 2D-2D matches 
during each iteration, the system estimates the likelihood that a given solver will succeed, 
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allowing the system to flexibly switch between direct 2D-3D, image-retrieval-assisted 2D-
3D, and hybrid solvers that use a combination of both types of correspondences. 

Transition to deep learning. Taira et al. [98] leveraged deep visual descriptors for 
efficient localization. They proposed Inloc, which addresses large-scale indoor visual lo-
calization using a dense matching and view synthesis pipeline. Inloc consists of three key 
steps: (1) candidate pose retrieval using NetVLAD to retrieve top database images based 
on dense feature aggregation; (2) pose estimation via coarse-to-fine dense CNN feature 
matching with P3P-RANSAC for accurate camera pose estimation; and (3) pose verifica-
tion using view synthesis, comparing the query image with a virtual view generated from 
the estimated pose. This approach addresses indoor-specific challenges such as texture-
less surfaces, repetitive structures, and cluttered scenes. In addition, Sarlin et al. [99] in-
troduced an approach that emphasizes a coarse-to-fine global-to-local search strategy. It 
first retrieves candidate locations using NetVLAD global image descriptors to narrow 
down the search space. These retrieved keyframes are clustered based on shared 3D points 
(co-visibility clustering), limiting the scope for local 2D-3D matching. Only points within 
these clusters are used for precise pose estimation, greatly reducing computational de-
mands. Building on this work, Sarlin et al. [100] introduced HF-Net, which integrates 
global and local feature extraction into a single neural network. A coarse global retrieval 
step first identifies potential locations, followed by detailed local matching of 2D features 
to 3D points for precise pose estimation. The shared computation across both steps en-
hances robustness and reduces runtime, making it scalable for large environments with 
significant appearance changes. Furthermore, Dusmanu et al. [101] proposed D2-Net, a 
unified framework where a single CNN detects and describes local features by extracting 
dense features and detecting keypoints as maxima of feature maps. Unlike traditional 
methods that separate detection and description, D2-Net ensures better consistency be-
tween the two. It excels under challenging conditions like illumination changes and view-
point variations. In 2020, Germain et al. [102] proposed S2DNet, a sparse-to-dense match-
ing framework. S2DNet leverages dense feature maps and treats the correspondence task 
as a supervised classification problem. It extracts multi-level features using a VGG-16 
backbone and computes correspondence maps at multiple levels, aggregated via bilinear 
upsampling. Additionally, Yang et al. [103] proposed a unified framework, UR2KiD, for 
image retrieval and local matching, trained without dense ground truth or SfM models. 
Using a ResNet-based architecture, it combines global descriptors via GeM pooling and 
local keypoint detection through a Group-Concept Detect-and-Describe module, which 
groups feature channels and thresholds based on L2 norms. Joint optimization across re-
trieval, matching, and self-distillation tasks enables robust performance under challeng-
ing conditions like scale and illumination changes. Also in 2020, Shi et al. [104] introduced 
Dense Semantic Localization (DSLoc), which integrates handcrafted and learned features 
with a dense semantic 3D map for robust localization. The dense semantic map enables 
reliable 2D-3D matching by ensuring semantic consistency between query images and 3D 
points. This consistency score is incorporated as a soft constraint in a weighted RANSAC-
based PnP solver. 

Hybridization of Image retrieval and positioning sensors. Humenberger et al. [105] 
introduced the Kapture framework, which integrates multiple sensors such as GPS, IMU, 
and WiFi into the image-retrieval-assisted pipeline. The process starts with image re-
trieval to reduce the search space, followed by sensor data to further constrain the search. 
GPS narrows down the geographic area for retrieval, and IMU data helps improve orien-
tation estimates during pose estimation. This combination of sensor data with image re-
trieval and 2D-3D matching enables robust and efficient localization, especially in dy-
namic and large-scale environments. 
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Integrating MEMS with direct 2D-3D localization. Shu et al. [106] introduced a 
novel hybrid approach that integrates MEMS (Micro-Electro-Mechanical Systems) sensors 
with 2D-3D localization techniques to address the computational and memory challenges 
of indoor localization on mobile devices. The MEMS-based module uses Pedestrian Dead 
Reckoning (PDR) and the Attitude and Heading Reference System (AHRS) to provide in-
itial rough 6-DoF pose estimates, greatly reducing the search area of the 3D model. Sub-
sequently, direct 2D-3D localization is used to match 2D features to 3D points while a 
geometric pose error propagation model is applied to filter outliers during the RANSAC-
based pose estimation. Finally, a dynamic reliability strategy fuses the MEMS and 2D-3D 
results to continuously refine the 6-DoF pose. 

Multi-sensor fusion. Yan et al. [107] introduced the SensLoc framework, which inte-
grates multiple mobile sensors—GPS, compass, and IMU sensors—with 3D-scanner-
based 2D-3D localization. The framework uses GPS and compass data to constrain the 
search space of the 3D model, followed by a coarse-to-fine transformer-based network to 
perform direct 2D-3D matching. Lastly, they adopted a gravity-guided PnP RANSAC, 
which utilizes the IMU pitch and roll angles to filter out incorrect pose hypotheses, signif-
icantly enhancing both the efficiency and accuracy of the final pose estimation. 

4. Regression-Based Localization 
This section reviews various regression-based localization methods. These methods 

use deep neural networks to predict spatial relationships from input images directly, by-
passing the explicit feature matching in 2D-2D and 2D-3D localization methods. Two 
main categories of regression-based localization methods are discussed in this section: ab-
solute pose regression (APR) and scene coordinate regression (SCR). APR methods di-
rectly predict the camera’s absolute position and orientation from an input image using 
neural networks, whereas SCR methods predict a 3D scene coordinate for every pixel in 
an input image, followed by pose estimation using these coordinates. A flowchart illus-
trating the general workflow of these methods is shown in Figure 6. 

 

Figure 6. Overview of regression-based localization methods. (The top branch belongs to absolute 
pose regression, while the bottom branch belongs to scene coordinate regression.) 
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4.1. Absolute Pose Regression 

Absolute pose regression (APR) leverages deep neural networks to directly predict a 
camera’s 6-DoF pose from a single image. Unlike 2D-2D or 2D-3D matching-based tech-
niques, which rely on correspondences between image features and pre-built maps, APR 
uses end-to-end learning to map an image directly to its absolute pose, making it highly 
appealing for scenarios where rapid pose estimation is crucial or where building detailed 
maps is challenging. 

The pioneering PoseNet. Kendall et al. [108] introduced a pioneering APR method, 
PoseNet, that uses a CNN to directly regress the 6-DoF camera pose from a single RGB 
image. PoseNet innovatively avoids explicit feature matching or the construction of 3D 
maps. Instead, it modified an image classification CNN by replacing the softmax layers 
with fully connected layers to regress both the camera 3D location and orientation. In ad-
dition, it leverages transfer learning from large-scale image classification tasks and uses 
SfM for automatic labeling of training data. PoseNet achieved reasonable accuracy and 
operated in real time. However, its localization accuracy was not on par with the tradi-
tional methods relying on 2D-3D matching. 

PoseNet Variants. To reduce the localization error of the PoseNet architecture, mul-
tiple subsequent improvements have been proposed, including incorporating a dense 
cropping technique, a probabilistic architecture, a new loss function, or Long Short-Term 
Memory (LSTM) layers. In addition to the standard PoseNet, Kendall et al. [108] intro-
duced a dense cropping technique, referred to as Dense PoseNet, which improved Po-
seNet accuracy by averaging pose predictions from 128 uniformly spaced crops of the 
input image. The dense version of PoseNet, while computationally more intensive (in-
creasing processing time from 5 ms to 95 ms), significantly enhanced its performance by 
incorporating more spatial information during inference, leading to more precise pose 
predictions. Building on PoseNet, Kendall et al. [109] introduced a probabilistic frame-
work, Bayesian PoseNet, using Bayesian convolutional neural networks to model uncer-
tainty in pose predictions. It employs Monte Carlo dropout at inference time, which pro-
vides uncertainty estimates alongside pose predictions, improving robustness to ambigu-
ous scenes and out-of-distribution inputs. Bayesian PoseNet shows enhanced localization 
accuracy while maintaining real-time performance (under 6 ms per image) and requiring 
minimal memory. In the follow-up of PoseNet, Kendall et al. [110] introduced Geo-
PoseNet, which incorporates geometric loss functions to improve the performance of Po-
seNet. They emphasized that the original PoseNet employs a naive loss function that does 
not consider the relationship between position and orientation. This new version opti-
mizes the regression process by incorporating scene reprojection error and automatically 
learning the optimal weighting between position and orientation, significantly improving 
localization accuracy. Subsequently, Walch et al. [111] expanded upon the PoseNet frame-
work by incorporating LSTM units into the architecture. The LSTMs reduce the dimen-
sionality of the high-dimensional outputs from the fully connected layers of a PoseNet. 
They act as a form of structured regularization that allows the network to focus on the 
most important feature correlations for pose regression. The LSTM PoseNet improved lo-
calization accuracy by 32% and 37% with respect to the PoseNet and Bayesian PoseNet. 

HourGlass-Pose. Besides the PoseNet architecture, Melekhov et al. [112] proposed 
an encoder–decoder CNN with an hourglass-shaped architecture for camera pose estima-
tion. The encoder captured global scene context, while the decoder used up-convolution 
layers and skip connections to recover fine-grained spatial information, improving local-
ization accuracy. 

BranchNet. Wu et al. [113] introduced BranchNet along with several key advance-
ments. They introduced Euler6, a new orientation representation that addresses issues 
with quaternion representation in CNN-based pose regression. They also introduced pose 
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synthesis, a novel data augmentation technique to address pose sparsity by generating 
new poses through image patch translations. Finally, they proposed BranchNet, a multi-
task CNN that separately regressed orientation and translation in distinct branches, sig-
nificantly reducing localization errors compared to Bayesian PoseNet. 

SVS-Pose. Naseer and Burgard [114] proposed SVS-Pose. It uses a modified VGG16 
architecture with separate fully connected layers to predict camera position and orienta-
tion. To improve performance, the authors employed 3D data augmentation, generating 
synthetic viewpoints from single images to expand the training pose coverage. 

MapNet. Brahmbhatt et al. [115] introduced MapNet. MapNet incorporates geomet-
ric constraints from visual odometry (VO), GPS, and IMU sensors into its training process. 
The model regresses camera poses from images while also enforcing relative pose con-
straints between image pairs to improve global consistency. Additionally, the authors pro-
pose MapNet+, which uses unlabeled video data to update the learned maps in a self-
supervised manner, and MapNet+PGO, which integrates pose graph optimization (PGO) 
to refine pose predictions during inference. This framework significantly improves local-
ization accuracy by fusing data from multiple sensory inputs and continuously refining 
maps as more data becomes available. 

Self-attention mechanism. In addition, Wang et al. [116] introduced AtLoc, an atten-
tion-guided camera localization framework that improves the robustness of single-image 
pose estimation. The method utilizes a self-attention mechanism to focus on geometrically 
stable and informative regions in the scene, such as building structures, while ignoring 
dynamic elements like moving vehicles. The combination of attention with a CNN-based 
encoder led to superior performance, even in complex outdoor scenes with high variabil-
ity. 

Improved probabilistic architecture. Building on the concept of the Bayesian Po-
seNet, Cai et al. [117] proposed GPoseNet, which combines CNNs and Gaussian Process 
Regression (GPR) to model uncertainty in 6-DoF camera localization. The system lever-
ages CNNs to extract features from RGB images and uses sparse variational inference GPs 
for translation and rotation, providing a distribution over camera poses in a single infer-
ence step, which significantly improves computational efficiency. In addition, the objec-
tive function uses Kullback–Leibler divergence to balance the learning of both translation 
and rotation, which reduces sensitivity to hyperparameters. 

Multi-scene APRs. Chidlovskii and Sadek [118] introduced a multi-scene adaptation 
approach, APANet, using adversarial learning to address the challenge where models 
trained on one scene struggle to generalize to unseen scenes. The method trains an en-
coder to produce scene-invariant image representations, which allows the model to gen-
eralize across different environments. A scene discriminator is used in a minimax optimi-
zation framework to distinguish between source and target scene features, while the en-
coder was trained to deceive the discriminator, thus achieving better model transfer. The 
approach also incorporated self-supervised learning by predicting image rotations, which 
enhances the model’s scene understanding. Shavit and Ferens [119] challenged the need 
for scene-specific encoders in APR by proposing IRPNet, a branching multilayer percep-
tron (MLP) that uses pre-trained image retrieval (IR) models to generate generic visual 
encodings for pose estimation. Instead of fine-tuning for each scene, IRPNet leverages IR-
based global descriptors to regress the camera’s position and orientation. This approach 
significantly reduces training time and memory usage while achieving competitive results 
across datasets. The results show that scene-agnostic encodings can effectively replace 
scene-specific models. Following the multi-scene adaptation concept, Blanton et al. [120] 
introduced Multi-Scene PoseNet (MSPN), which handles pose regression across multiple 
scenes using a shared feature extraction network followed by a scene-specific layer that 
adapts the model’s predictions based on the scene. The model also uses a scene-prediction 
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component to index scene-specific weights, which reduces memory usage while maintain-
ing strong performance across diverse datasets. MSPN demonstrated improved generali-
zation over single-scene models and provided better initialization for fine-tuning on new 
scenes. Subsequently, Shavit et al. [121] proposed a transformer-based architecture, MS-
Transformer, for multi-scene absolute pose regression. The model uses separate trans-
formers to process position and orientation features extracted from a convolutional back-
bone. These transformers attend to informative features using self-attention and produce 
scene-specific pose predictions. 

Enhancing accuracy using auto-encoders. Shavit and Keller [122] introduced Cam-
era Pose Auto-Encoders (PAEs) to enhance their previous MS-Transformer by leveraging 
prior pose information efficiently. PAEs are trained using a teacher–student approach, 
where the teacher APR’s outputs are used to train the auto-encoder to generate latent pose 
representations. These encodings, robust to appearance changes, are used to refine camera 
pose estimates during test time, significantly enhancing position accuracy without need-
ing additional images. 

Exploiting motion constraints. Clark et al. [123] introduced VidLoc, a deep spatio-
temporal model for 6-DoF camera localization using video clips. It combines a CNN for 
image feature extraction with a bidirectional LSTM to capture temporal dependencies be-
tween frames. By leveraging both past and future frame information, VidLoc improves 
the accuracy and smoothness of pose estimates. The model is trained with a loss function 
that balances translation and rotation errors, and it incorporates uncertainty estimation 
using mixture density networks. VidLoc demonstrated significant accuracy improve-
ments over single-image methods like PoseNet. Subsequently, Valada et al. [124] pro-
posed an auxiliary learning model, VLocNet, which incorporates relative pose estimation 
as an auxiliary task to constrain the search space and improve consistency in pose regres-
sions from consecutive monocular images. The model employs a three-stream architec-
ture: one stream for global pose regression and a Siamese-type double-stream for relative 
pose estimation. Shared parameters across tasks allow VLocNet to capture inter-task cor-
relations, while a Geometric Consistency Loss enforces alignment between global and rel-
ative poses. Building on this work, Radwan et al. [125] proposed VLocNet++. The model 
improves VLocNet by employing a novel adaptive weighted fusion layer that dynami-
cally integrates motion-specific temporal features and semantic information, improving 
pose regression accuracy. Also, it incorporates a self-supervised warping technique that 
leverages relative motion to aggregate scene context, enhancing segmentation consistency 
and accelerating training. In 2019, Bui et al. [126] proposed AdPR. They extended the idea 
of using temporal sequences for camera localization by leveraging local information from 
image sequences to improve global pose estimation accuracy. First, a convolutional 
LSTM-based visual odometry model predicts relative poses from consecutive frames. 
Then, in a content-augmentation step, co-visible features from local maps are integrated 
using soft attention to refine the global pose estimates. Finally, a motion-based refinement 
step follows, using a pose graph to optimize global poses based on VO-derived relative 
motions. This two-step process significantly improved accuracy in challenging scenarios 
with repetitive or low textures. In 2023, Wang et al. [127] proposed RobustLoc, which em-
ploys neural differential equations within a graph-based structure to enhance robustness 
against environmental perturbations like weather, lighting changes, and dynamic objects. 
The model uses a CNN to extract feature maps from multi-view images, followed by a 
neural diffusion block to diffuse information across neighboring frames, capturing both 
local and global context. A branched decoder with multi-level training then regresses the 
6-DoF pose estimates. 

Multi-Level Features (MLF). Xu et al. [128] developed a framework that integrates 
local and global features for enhanced robustness. Their methodology uses a multi-level 
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deformable network to extract local features that are sensitive to rotation and other trans-
formations. These local features are combined with global features incorporating geomet-
ric constraints to improve pose estimation accuracy. In addition, they proposed a novel 
loss function that simultaneously minimizes the regression error of both relative and ab-
solute pose estimates. This approach demonstrated superior accuracy in challenging con-
ditions, particularly when dealing with significant viewpoint and illumination changes. 

DFNet and DFNet+. Chen et al. [129] introduced a hybrid camera localization pipe-
line combining APR and direct feature matching for robust pose estimation. Its core in-
cludes two components: a Histogram-assisted NeRF for view synthesis, reducing the pho-
tometric domain gap by adapting image appearance based on luminance histograms, and 
DFNet, which extracts domain-invariant features using a contrastive loss, bridging the 
gap between synthetic and real images. Additionally, it employs Random View Synthesis 
for efficient synthetic data generation, improving pose regression accuracy with minimal 
supervision. Building on this work, Chen et al. [130] proposed DFNet+, which employs a 
novel Neural Feature Synthesizer (NeFeS) that predicts dense feature maps from synthe-
sized views. During inference, NeFeS compares rendered and query features, backpropa-
gating feature-metric errors to refine camera poses. Additionally, they introduced an Ex-
posure-Adaptive Affine Color Transformation for handling illumination changes and a 
Feature Fusion Module for merging rendered features and RGB values. 

4.2. Scene Coordinate Regression 

Unlike APR methods, which directly regress camera pose, SCR methods predict 3D 
scene coordinates from 2D image pixels, followed by camera pose estimation using a PnP 
solver, similar to 2D-3D localization methods. Over the years, SCR methods have under-
gone a transition from early randomized regression forests to recent deep learning-based 
methods. Early SCR methods [131–133] heavily relied on regression forests using RGB-D 
images, which leverage depth data as a crucial feature for 3D scene coordinate prediction. 
The reliance on RGB-D data persisted until the introduction of deep learning-based ap-
proaches. 

DSAC series. Brachmann et al. [134] first introduced an end-to-end trainable camera 
localization pipeline based on Differentiable Sample Consensus (DSAC). The method re-
places RANSAC’s non-differentiable hypothesis selection with a probabilistic selection 
mechanism inspired by reinforcement learning, enabling backpropagation through the 
entire pipeline. The system consists of two CNNs: one predicts 3D scene coordinates from 
RGB images, and the other scores pose hypotheses based on reprojection errors. Hypoth-
eses are generated using the PnP algorithm, and the best pose is selected probabilistically. 
Subsequently, Brachmann et al. [135] introduced DSAC++, which replaces the learnable 
hypothesis-scoring CNN used in DSAC with a soft inlier count mechanism, significantly 
improving generalization and reducing overfitting. In 2019, Brachmann et al. [136] pro-
posed Expert Sample Consensus (ESAC), which improves upon DSAC by addressing 
scalability and ambiguity in challenging environments through a Mixture of Experts 
(MoE) approach. Unlike DSAC, which uses a single neural network to predict 2D-3D cor-
respondences, ESAC employs multiple specialized expert networks, with a gating net-
work assigning probabilities to experts based on the input. Hypotheses from all experts 
are evaluated using DSAC’s geometric consistency scoring, ensuring robustness against 
gating errors. In 2021, Brachmann et al. [137] further proposed DSAC* by replacing the 
two-stage initialization process of DSAC++ with a unified training objective. In addition, 
the authors updated the VGG-style architecture used in DSAC++ with a ResNet-based 
fully convolutional network. These enhancements reduce training time while enhancing 
accuracy. 
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HSCNet series. Li et al. [138] introduced an SCR framework, HSCNet, which com-
bines classification and regression layers to predict 3D scene coordinates in a hierarchical 
coarse-to-fine manner. The network first predicts coarse location labels through discrete 
classification layers and progressively refines predictions using sub-region labels. A final 
regression layer estimates precise 3D coordinates relative to the predicted clusters. This 
design improves scalability, resolving visual ambiguities common in large environments. 
Subsequently, Wang et al. [139] introduced HSCNet++, which replaces convolutional lay-
ers with transformer-based modules for global context aggregation. Additionally, the sys-
tem introduces a pseudo-labeling strategy for training with sparse 3D annotations, com-
bined with an angle-based reprojection loss for robustness against noisy labels. 

Incorporating probabilistic modeling. Rekavandi et al. [140] introduced B-Pose, a 
Bayesian CNN for camera localization that combines scene coordinate regression with 
uncertainty modeling. It predicts dense 3D scene coordinates using a ResNet backbone 
and refines pose estimates via Differentiable RANSAC and Monte Carlo sampling for un-
certainty quantification. 

NeuMap. Tang et al. [141] introduced NeuMap, which encodes scenes into latent 
codes and uses a transformer-based auto-decoder for SCR. NeuMap is designed to ad-
dress the challenges of large-scale scenes by dividing them into smaller voxels, using la-
tent codes to store scene information. Upon inference, query image features are matched 
to these codes through a cross-attention mechanism, yielding 2D-3D correspondences for 
PnP-based pose estimation. The system supports efficient fine-tuning for new scenes and 
small scene representation sizes. 

Scene geometry reasoning. Chen et al. [142] introduced MaRepo, a framework com-
bining pose regression with scene-specific geometric reasoning. Unlike traditional APR, 
MaRepo leverages a scene geometry network to predict 3D scene coordinates and a trans-
former-based pose regressor to estimate camera poses. Key innovations include dynamic 
positional encoding for camera intrinsics and spatial embeddings, and a re-attention 
mechanism for enhanced information flow. MaRepo enables rapid adaptation to new 
scenes. 

Scene-Agnostic SCR. Revaud et al. [143] proposed SACReg, which generalizes 
across diverse scenes without the need for scene-specific fine-tuning. The method adopts 
Vision Transformers to encode both the query and database images, with database tokens 
augmented using sparse 2D-3D correspondences. A transformer decoder fuses this infor-
mation and predicts dense 3D coordinates along with confidence scores for each pixel. To 
ensure generalization, the model uses a novel cosine-based coordinate encoding that sup-
ports arbitrary scene sizes, overcoming limitations of previous scene-specific SCR models. 

Lightweight models. Brachmann et al. [144] proposed an Accelerated Coordinate 
Encoding (ACE) network that learns dense 2D-3D correspondences from posed images 
through contrastive pose supervision, which maximizes localization accuracy by compar-
ing correct and incorrect pose estimates. A novel geometric consistency loss enforces spa-
tial coherence between predicted scene coordinates. Subsequently, Lu et al. [145] pro-
posed ACE++, which improves localization accuracy over ACE while maintaining rapid 
training. Building upon ACE, the method introduces two key innovations: (1) coordinate 
convolution layers, which add spatial awareness by encoding 2D positional information 
directly into feature maps, enhancing scene coordinate regression capability, and (2) a 
Group Convolutional Block Attention Module, which dynamically refines channel and 
spatial attention to focus on important features. 

5. Datasets and Evaluation Metrics 
In monocular camera localization, the availability of high-quality datasets and robust 

evaluation metrics is crucial for advancing research and benchmarking new methods. This 
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section provides a summary of the key datasets commonly used in this field and the eval-
uation metrics used to measure the localization accuracy. 

5.1. Benchmark Datasets 

Benchmark datasets for monocular camera localization cover a range of scenarios, 
from indoor environments with consistent lighting to complex outdoor scenes with a va-
riety of conditions, including day–night, weather, and seasonal variations. These datasets 
can be divided into two main categories: place recognition datasets and 6-DoF pose esti-
mation datasets. Since approximate 2D-2D localization techniques adopt the pose of the 
nearest neighbor as the localization result, these methods are primarily evaluated using 
place recognition (or image retrieval) datasets. In contrast, 6-DoF pose estimation datasets 
are largely used to evaluate precise 2D-2D localization, 2D-3D localization, and regres-
sion-based localization techniques. 

5.1.1. Place Recognition Datasets 

Place recognition and image retrieval datasets are widely used to evaluate approxi-
mate 2D-2D localization techniques. Below, we summarize the commonly used place 
recognition datasets in the context of monocular camera localization in known environ-
ments, with key details provided in Table 1. 

University of Kentucky Benchmark (UKB) dataset [10]: The UKB dataset is a widely 
used object-focused image retrieval benchmark. It consists of 10,200 indoor images of 2550 
unique objects from diverse categories, such as animals, plants, household objects, etc., 
with each object captured from four different viewpoints. Every image in the dataset is 
used as a query during evaluation, while accuracy is calculated from the top four retrieved 
results (precision@4). The dataset is particularly notable for its controlled setup and focus 
on object-level similarity. 

Oxford Buildings dataset [11]: The Oxford Buildings dataset contains two sub-da-
tasets: Oxford5K and Oxford105K. Oxford5K consists of 5062 high resolution (1024 × 768) 
images collected from Flickr, an online photo-sharing and hosting platform. These images 
feature various landmarks in Oxford, UK, and are annotated with 11 landmark classes. 
The dataset includes 55 query images, with ground truth relevance provided for evaluat-
ing retrieval performance. Due to its focus on urban landmarks, this dataset is particularly 
suited for assessing the robustness of localization algorithms in structured and repetitive 
architectural environments. On the other hand, Oxford105K extends the standard Ox-
ford5K dataset by including an additional 99,782 distractor images from Flickr. The added 
distractor images pose challenges for retrieval algorithms in distinguishing relevant land-
marks from irrelevant data, thereby enhancing their utility for large-scale localization 
evaluations. 

Paris Buildings dataset [146]: Similar to the Oxford Buildings dataset, the Paris 
Buildings dataset provides robust benchmarks for evaluating algorithms in urban land-
mark recognition tasks. It contains two sub-datasets: Paris6K and Paris106K. Paris6K con-
tains 6412 high-resolution (1024 × 768) images collected from Flickr, which are associated 
with various iconic landmarks in Paris, France, such as “Paris Eiffel Tower” or “Paris Tri-
omphe”. The Paris106K dataset extends Par6k by adding 100,000 distractor images, sig-
nificantly increasing the complexity and scale of image retrieval tasks. 

INRIA Holidays dataset [147]: The Holidays dataset is widely used to evaluate the 
robustness of place recognition and image retrieval methods. It comprises 1491 high-res-
olution vacation images organized into 500 groups, with each group representing a dis-
tinct scene or object. A single image from each group serves as the query, while the rest 
represent the correct retrieval results. This dataset is particularly notable for its diverse 
range of outdoor scene types (natural, man-made, water and fire effects, etc.). 
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24/7-Tokyo dataset [20]: The 24/7 Tokyo dataset was developed to evaluate place 
recognition techniques under significant illumination changes, including day, sunset, and 
night conditions. It consists of 1125 images captured at 125 locations across Tokyo, Japan, 
with images taken in three viewing directions and at three times of the day for each loca-
tion. Ground truth locations are GPS-annotated with an accuracy of within 5 m. The da-
taset emphasizes substantial variations in lighting and structural elements, making it ideal 
for testing algorithms’ robustness to extreme appearance changes. 

Revisited Oxford (𝓡Oxford) and revisited Paris (𝓡Paris) datasets [148]: The revis-
ited Oxford and revisited Paris datasets are updated benchmarks for the original Ox-
ford5K and Paris6K datasets. They address issues in the original datasets, including an-
notation errors, dataset size, and difficulty level. In total, 15 challenging queries are added 
to each dataset, increasing the total to 70 queries. In addition, images are relabeled into 
four categories, easy, hard, unclear, and negative, based on viewpoint, occlusion, and il-
lumination. Based on these difficulty labels, three difficulty levels are introduced for eval-
uations: easy (includes only easy images as positives), medium (includes both easy and 
hard images as positives), and hard (Includes only hard images as positives). In addition, 
a new distractor set of 1,001,001 challenging images, R1M, was introduced, which can be 
added to ℛOxford or ℛParis to significantly increase the scale and complexity of evalua-
tions. 

Google Landmarks dataset (GLD) [27]: The GLD is a large-scale dataset designed 
for evaluating image retrieval and landmark recognition tasks. It contains over 1 million 
images from 12,894 landmarks worldwide, along with an additional 100,000 query im-
ages. The dataset introduces challenges such as background clutter, occlusion, and diverse 
landmark types, including human-made and natural structures. 

Google Landmarks dataset v2 (GLDv2) [149]: GLDv2 builds upon the original GLD 
with over 5 million images and 200,000 distinct instance labels, making it the largest in-
stance recognition dataset to date. It includes a training set of 4.1 million labeled images, 
762,000 index images, and a test set of 118,000 query images. GLDv2 introduces several 
challenges—a long-tailed class distribution, high intra-class variability, and a significant 
fraction of out-of-domain test images—to simulate real-world applications. The dataset 
emphasizes practical challenges, such as robustness to false positives and scalability in 
large-scale settings. 

Table 1. Mainstream place recognition datasets. 

Dataset Name Scale Scene Challenging  
Factors 

Image Number 

UKB [10] Small Indoor 
Scale, illumination,  
background clutter 10,200 

Oxford5K [11] Medium 
Urban  

landmarks 
Scale, occlusion,  

repetitive structures 
5011 references,  

55 queries 

Oxford105K [11] Large 
Urban  

landmarks 
Scale, occlusion,  

repetitive structures 
104,793 refer-

ences, 55 queries 

Paris6K [146] Medium 
Urban  

landmarks 
Scale, occlusion,  

repetitive structures 
6245 references,  

55 queries 

Paris106K [146] Large 
Urban  

landmarks 
Scale, occlusion,  

repetitive structures 
106,031 refer-

ences, 55 queries 

INRIA Holidays 
[147]  

Medium Diverse urban and  
suburban scenes 

Illumination,  
viewpoint,  

scene diversity 

991 references,  
500 queries 

24/7-Tokyo [20] Large Urban streets Day–night,  
75,984 references, 

1125 queries, 
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season, dynamic  
urban conditions 

597,744 synthetic 
views ℛOxford [148] Medium 

Urban  
landmarks 

Scale, occlusion,  
illumination 

4993 references,  
70 queries ℛParis [148] Medium 

Urban  
landmarks 

Scale, occlusion,  
illumination 

6322 references,  
70 queries 

GLD [27] Large Global natural and  
human-made landmarks 

Occlusion, clutter, scale,  
partial/multi-landmarks 

1,060,709 refer-
ences, 111,036 

queries 

GLDv2 [149] Large 
Global natural and  

man-made landmarks 
Occlusion, clutter, scale,  
partial/multi-landmarks 

4.1 M references, 
118 K queries 

5.1.2. 6-DoF Pose Estimation Datasets 

In contrast to the place recognition datasets, 6-DoF pose estimation datasets are de-
signed to evaluate localization techniques, where determining an exact 6-DoF camera 
pose is essential. The commonly used 6-DoF pose estimation datasets are summarized as 
follows, with key details provided in Table 2. 

Vienna dataset [93]: The Vienna dataset is a preliminary dataset designed for image-
based localization and urban scene reconstruction. It focuses on parts of Vienna, Austria, 
captured by car-mounted cameras with 1324 high-resolution reference and 266 query im-
ages. The dataset includes a 3D model with 1,123,028 3D points generated through SfM. 
Challenges include varied illuminations, weather, and seasonal changes. 

Rome dataset [73]: The Rome dataset is a large-scale dataset designed for image-
based localization. It is built from a collection of 16,179 geotagged images sourced from 
Flickr, covering various landmarks in Rome. Using SfM techniques, the dataset generates 
a 3D point cloud with 4,312,820 points, organized into 69 connected components, repre-
senting different landmarks or scenes. 

Carnegie Mellon University (CMU) dataset [150]: The CMU dataset is a visual lo-
calization benchmark that emphasizes seasonal and environmental variability. A vehicle 
equipped with two cameras on the roof at 45-degree angles captures 256 × 192-resolution 
images from urban, suburban, and park-like environments along an 8.8 km route in Pitts-
burgh, USA. Approximately 10,000–14,000 images are stored per full traversal. The da-
taset includes GPS-annotated images and topometric mapping. Challenges in the dataset 
include illumination changes, occlusions, and structural modifications. 

Aachen dataset [94]: The Aachen dataset is designed to test image-based localization 
methods in challenging urban environments. It features 4479 high-resolution reference 
images, 369 query images, and a 3D model reconstructed using SfM. The images are taken 
in the old inner city of Aachen, Germany, with varying conditions such as different times 
of day, weather changes, and occlusions. This dataset emphasizes real-world complexities 
such as motion blur, lighting variations, and environmental changes. 

7-Scenes dataset [131]: 7-Scenes is a widely used benchmark for camera pose estima-
tion in indoor environments. It consists of RGB-D image sequences at a resolution of 640 
× 480 pixels in seven distinct scenes, including chess, fire, heads, office, pumpkin, red 
kitchen, and stairs. Each scene features challenges like motion blur, texture-less surfaces, 
repeated structures, and varying lighting conditions. The dataset provides ground truth 
6-DoF camera poses derived from KinectFusion-based tracking. The dataset is particularly 
valuable for testing algorithms in complex indoor settings. 

Cambridge Landmarks dataset (CLD) [108]: The CLD is an outdoor visual localiza-
tion benchmark captured around the University of Cambridge. It comprises five distinct 
urban scenes: King’s College, Old Hospital, Shop Façade, St. Mary’s Church, and Street. 
The dataset comprises images captured with a handheld smartphone camera at 640 × 480 
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resolution, with ground truth 6-DoF poses obtained through SfM. The dataset introduces 
significant challenges, such as urban clutter, dynamic elements like pedestrians and vehi-
cles, and variations in lighting and weather. 

RobotCar dataset [151]: The RobotCar dataset is a comprehensive benchmark for 
evaluating visual localization algorithms in dynamic urban streets. Captured in Oxford, 
UK, the dataset features over 100 traversals of a consistent 10 km route of driving data 
recorded across different seasons, times of day, weather conditions, and dynamic ele-
ments like traffic and pedestrians. The dataset comprises approximately 20 million images 
from six vehicle-mounted cameras, along with LiDAR, GPS, and INS data, totaling over 
20 terabytes. 

University dataset [44]: The University dataset, similar to the 7-Scenes dataset, is a 
challenging benchmark designed for indoor visual localization. It comprises image se-
quences from five distinct scenes: Office, Meeting, Kitchen, Conference, and Coffee Room. 
All scenes are registered to a common global coordinate frame, which operates within 
independent coordinate systems, addressing a key limitation of the 7-Scenes dataset. The 
dataset includes 9694 training images and 5068 test images. 

ApolloScape dataset [152]: The ApolloScape dataset is a large-scale street-view 
benchmark for tasks such as semantic segmentation, localization, and transfer learning. It 
consists of over 140,000 RGB video frames with a resolution of 3384 × 2710 from 73 distinct 
street-scene videos across China, each annotated with pixel-level semantic masks. Addi-
tionally, it includes dense 3D point clouds, as well as depth maps and 3D lane markings 
categorized into 28 distinct classes. Captured under varying traffic, weather, and lighting 
conditions, the dataset is divided into easy, moderate, and hard subsets based on scene 
complexity, such as the density of vehicles and pedestrians. 

Aachen Day–Night dataset [153]: The Aachen Day–Night dataset is based on the 
original Aachen localization dataset; it depicts the old inner city of Aachen, Germany, 
with a focus on the challenge of localizing nighttime images. It consists of 4328 reference 
images and 922 query images, including 98 captured at night. The SfM 3D model has 
1.65M points. This dataset highlights the difficulty of day-to-night localization, with 
changes in lighting significantly impacting algorithm performance, making it ideal for 
testing robustness in urban environments. 

RobotCar Seasons dataset [153]: The RobotCar Seasons dataset is based on a subset 
of the Oxford RobotCar dataset and focuses on localization in urban settings under largely 
varied seasonal and weather conditions. It includes 20,862 reference images and 11,934 
query images captured during different times, such as overcast, sunny, snowy, and rainy 
weather, as well as at dawn, dusk, and night. The dataset includes a 3D map constructed 
using SfM with 6.77M 3D points. 

CMU Seasons dataset [153]: The CMU Seasons dataset is based on a subset of the 
CMU dataset and emphasizes seasonal changes and suburban and park scene settings. It 
contains 7159 reference images and 75,335 query images across 11 traversals of a suburban 
and park route in Pittsburgh, USA. Seasonal variations include foliage and snow, creating 
significant challenges in matching features due to dynamic scene geometry changes. The 
resulting SfM reference model consists of 1.61M 3D points. The dataset provides a com-
prehensive testbed for evaluating robustness to environmental variability, particularly in 
outdoor suburban and natural settings. 
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Table 2. Mainstream 6-DoF pose estimation datasets. 

Dataset  
Name Scale Scene Capture 

Challenging  
Factors 

Image  
Number 

3D 
Map 

Point 
Number 

Other 
Sensor 

Vienna [93] Medium Urban  
streets 

Car  
trajectory 

Illumination, 
weather,  
season 

1324 references, 
266 queries 

SfM 1.12 M None 

Rome [73] Large Historic  
city 

Free  
viewpoint 

Occlusion,  
illumination,  

people 

15,179 refer-
ences, 1000 

queries 
SfM 4.31 M None 

CMU [150] Medium 
Urban,  

suburban, 
park 

Car  
trajectory 

Season,  
occlusion,  

illumination 

10,000–14,000 
per traversal 

SfM - GPS,  
IMU 

Aachen [94] Medium Historic  
city 

Free  
viewpoint 

Day–night, 
weather,  
season 

3047 references, 
369 queries SfM 1.54 M None 

7-Scenes [131] Small Indoor 
Free  

viewpoint 

Illumination,  
motion blur,  
flat surfaces 

26,000  
references, 

17,000 queries 

RGB-D 
camera - None 

CLD [108] Medium Historic  
city 

Free  
viewpoint 

Illumination,  
weather,  

traffic,  
pedestrian 

6848  
references,  

4081 queries 
SfM 1.89 M None 

RobotCar [151] Large Urban  
streets 

Car  
trajectory 

Day–night,  
weather,  
season, 
traffic,  

pedestrian 

20M LiDAR - GPS,  
INS 

University [44] Medium Indoor Free  
viewpoint 

Illumination,  
occlusion 

9694  
references,  

5068 queries 
SfM - None 

ApolloScape 
[152] 

Large Urban  
streets 

Car  
trajectory 

Illumination,  
weather,  

traffic,  
pedestrian 

14K LiDAR - GPS,  
IMU 

Aachen Day–
Night [153] Medium 

Historic  
city 

Free  
viewpoint 

Day–night,  
weather,  
season 

4328  
references,  
922 queries 

SfM 1.65 M None 

RobotCar Sea-
sons [153] Large 

Urban  
streets 

Car  
trajectory 

Day–night, 
weather,  
season, 
traffic,  

pedestrian 

20,862  
references, 

11,934 queries 
SfM 6.77 M None 

CMU Seasons 
[153] 

Medium Urban,  
suburban, 

Car  
trajectory 

Weather,  
illumination,  

season, 
traffic,  

pedestrian 

7159 
references, 

75,335 queries 
SfM 1.61 M None 

5.2. Evaluation Metrics 

To quantitatively evaluate the performance of a monocular camera localization 
model, three primary indicators are considered: execution time, complexity, and accuracy. 
However, execution time is notably influenced by the hardware systems employed during 
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experimentation. This dependency introduces variability, which can skew comparative 
analyses. In addition, a limited number of studies disclose the time and space complexity 
data of their proposed methods. To sidestep the inconsistencies introduced by varying 
studies, this paper prioritizes accuracy evaluation metrics to ensure a fair and valid bench-
marking of different methodologies. 

Place recognition and 6-DoF pose estimation, as two key components of monocular 
camera localization, require distinct accuracy metrics: the former relies on image retrieval 
performance, while the latter is assessed based on position and orientation errors. These 
key metrics are detailed as follows. 

5.2.1. Place Recognition Metrics 

Mean Average Precision (mAP): The standard evaluation metric used in image re-
trieval and place recognition tasks is mAP. For each query, the system retrieves a ranked 
list of images from a dataset, which can be used to calculate an Average Precision (AP)—
the area under the precision–recall curve. The precision (P) and recall (R) at each rank k in 
the retrieved list are defined as P(𝑘) = 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝑖𝑚𝑎𝑔𝑒𝑠 𝑢𝑝 𝑡𝑜 𝑟𝑎𝑛𝑘 𝑘𝑘  (2)

R(𝑘) = 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝑖𝑚𝑎𝑔𝑒𝑠 𝑢𝑝 𝑡𝑜 𝑟𝑎𝑛𝑘 𝑘𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑖𝑚𝑎𝑔𝑒𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑑𝑎𝑡𝑎𝑠𝑒𝑡  (3)

The Average Precision (AP) for a single query is the weighted sum of precision values 
at ranks where a relevant image is retrieved, considering only the changes in recall: 

AP = ෍ P(𝑘) ∙ ሾR(𝑘) − R(𝑘 − 1)ሿே
௞ୀଵ  (4)

where R(𝑘) − R(𝑘 − 1) represents the change in recall between consecutive ranks. 
An ideal precision–recall curve has precision 1 over all recall levels, and this corre-

sponds to an AP of 1. By averaging the AP scores of multiple queries, a single mAP num-
ber can be used to evaluate the overall performance. 

Finally, the mAP is obtained by averaging the AP values across all queries: 

mAP = 1𝑄෍AP௤ொ
௤ୀଵ  (5)

where Q is the total number of queries, and AP௤  is the Average Precision for the q-th 
query. 

Mean Average precision at rank K (mAP@K): In addition to the mAP metric, some 
studies also report the mAP at rank K. The former evaluates the entire retrieved list, while 
the latter only considers the top K ranked images in all retrieved lists. Specifically, for 
mAP, the value of N in Equation (2) equals the length of the retrieved list, while for 
mAP@K, N equals a fixed number, K. This metric is sometimes preferred over mAP since 
exhaustive retrieval of every matching image is computationally expensive and may not 
be necessary in some applications. 

5.2.2. 6-DoF Pose Estimation Metrics 

The two most used metrics in 6-DoF pose estimation are the translation and rotation 
errors. 

Translation Error (TE): The TE measures the Euclidean distance between the esti-
mated position vector (𝑝௘) and the ground truth position vector (𝑝௚௧) in a local x, y, and z 
(or east, north, and up) axis: 
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TE = ฮ𝑝௘ − 𝑝௚௧ฮ (6)

TE quantifies how accurately the system estimates the spatial position of the camera, 
typically measured in meters or centimeters. 

Rotation Error (RE): The RE quantifies the minimum angular difference between the 
estimated orientation and the ground truth orientation: RE = 2 ∙ cosିଵ൫ห𝑞௘ − 𝑞௚௧ห൯ (7)

where 𝑞௘ and 𝑞௚௧ are the estimated and ground truth orientations in quaternions. 
RE evaluates how well the orientation is estimated. It is calculated in radians and is 

typically translated to degrees (°). 
Average Recall (AR): In addition to TE and RE, some studies also report AR, which 

measures the percentage of poses that meet specific error thresholds for both TE and RE: 

AR = 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑜𝑠𝑒𝑠𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑠𝑒𝑠  (8)

where an estimated pose is correct only if both TE and RE are within predefined thresh-
olds. 

6. Comparative Analysis 
This section evaluates the accuracy performance of camera localization methods on 

several of the most widely used place recognition and 6-DoF pose estimation datasets. We 
focus on methods demonstrating competitive performance at the time of publication. Due 
to varying evaluation practices and limited source code availability, some datasets may 
include a limited selection of models. By examining the performance metrics of these mod-
els in relation to different dataset characteristics and model architectures, we aim to pro-
vide a comprehensive overview of the capabilities and limitations of different approaches. 

6.1. Comparing Place Recognition Methods on Common Benchmarks 

We evaluate the mAP accuracy of the place recognition techniques on the revisited 
Oxford and Paris datasets (ℛOxford and ℛParis), as shown in Tables 3 and 4, as well as 
the original Oxford and Paris datasets, as shown in Table 5. ℛOxford and ℛParis have 
become the most commonly used benchmarks for evaluating recent place recognition 
methods. Each of them features medium and hard difficulty levels. Medium includes que-
ries with moderate viewpoint and appearance changes, while hard features significant 
viewpoint shifts, extreme lighting variations, and heavy occlusions. Both levels are eval-
uated with the original set (relevant images only), plus the R1M set, which adds one mil-
lion non-relevant images, largely increasing evaluation complexity. Conversely, the orig-
inal Oxford and Paris datasets are primarily used to evaluate earlier methods. They fea-
ture original versions (Oxford5K and Paris6K) and extended versions (Oxford105K and 
Paris106K), which introduce 100,000 distractor images to the original datasets. 
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Table 3. mAP (%) scores of place recognition methods evaluated on the ℛOxford dataset. Results 
are shown for medium and hard difficulty levels, with and without the R1M distractor set. 

 Medium Hard 
Method 𝓡Oxford 𝓡Oxford + R1M 𝓡Oxford 𝓡Oxford + R1M 

SuperGlobal [38] 90.90 84.40 80.20 71.10 
Hypergraph Propagation  

+ Community Selection [31] 88.40 79.10 73.00 60.50 

Tokenizer [36] 82.28 75.64 66.57 51.37 
FIRe [37] 81.80 66.50 61.20 40.10 

DOLG [35] 81.50 77.43 58.82 52.21 
RRT + αQE [39] 80.40 71.70 64.00 50.90 

HOW [32] 79.40 65.80 56.90 38.90 
DELG [33] 78.50 62.70 59.30 39.30 

NetVLAD [24] 73.91  60.51 56.45 37.92 
GEM + αQE [29] 71.40 53.10 45.90 26.20 

DELF-ASMK + SP [27] 67.80 53.80 43.10 31.20 
GEM [29] 64.70 45.20 38.50 19.90 

R-MAC [21] 60.90 39.30 32.40 12.50 

Table 4. mAP (%) scores of place recognition methods evaluated on the ℛParis dataset. Results are 
shown for medium and hard difficulty levels, with and without the R1M distractor set. 

 Medium Hard 
Method 𝓡Paris 𝓡Paris + R1M 𝓡Paris 𝓡Paris + R1M 

SuperGlobal [38] 93.30 84.90 86.70 71.40 
Hypergraph Propagation  

+ Community Selection [31] 92.60 86.60 83.30 72.70 

DOLG [35] 89.81 80.79 77.70 62.83 
Tokenizer [36] 89.34 79.76 78.56 61.56 

RRT + αQE [39] 88.50 74.80 77.70 57.10 
NetVLAD [24] 86.81 71.31 73.61 48.98 

FIRe [37] 85.30 67.60 70.00 42.90 
GEM + αQE [29] 84.00 60.30 67.30 32.30 

DELG [33] 82.90 62.60 65.50 37.00 
HOW [32] 81.60 61.80 62.40 33.70 

R-MAC [21] 78.90 54.80 59.40 28.00 
GEM [29] 77.20 52.30 56.30 24.70 

DELF-ASMK + SP [27] 76.90 57.30 55.40 26.40 

Table 5. mAP (%) scores of place recognition methods evaluated on the Oxford5K, Oxford105K, 
Paris6K, and Paris106K datasets. 

Method Oxford5K Oxford105K Paris6K Paris106K 
E2E-R-MAC + QE [28] 90.60 89.40 96.00 93.20 

DIR +QE [23] 87.10 85.20 95.30 91.80 
DIR [23] 86.10 82.80 94.50 90.60 

MAC + QE [25] 85.00 81.80 86.50 78.80 
DELF [27] 83.80 82.60 85.00 81.70 

R-MAC + QE [21] 82.90 77.90 85.60 78.30 
BoW (iSP + ctx QE) [16] 82.70 76.70 80.50 71.00 

BoW (SPAUG + DQE + RootSIFT) [17] 80.90 72.20 - - 
MAC [25] 79.70 73.90 82.40 74.60 
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BoW (Elliptical regions + SP + QE) [14] 78.40 72.80 - - 
R-MAC [21] 77.00 69.20 83.80 76.40 

CroW + QE [26] 74.90 70.60 84.80 79.40 
CroW [26] 70.80 65.30 79.70 72.20 

BoW (tf-idf + SP) [11] 67.20 58.10 - - 
SPoC [22] 53.10 - 50.10 - 𝓡Oxford and 𝓡Paris. In Tables 3 and 4, SuperGlobal, Hypergraph Propagation with 

Community Selection, DOLG, and Tokenizer consistently achieve the highest mAP scores 
across both the ℛOxford and ℛRaris datasets. SuperGlobal ranks first on both datasets 
with its highly optimized global feature extraction framework, which uses regional and 
scale-specific pooling (Regional-GeM and Scale-GeM) to effectively balance compactness 
and discriminative power. Hypergraph Propagation with Community Selection follows 
closely, leveraging graph-based models to propagate spatial relationships and reduce fea-
ture matching ambiguity. Furthermore, DOLG and Tokenizer exhibit competitive perfor-
mance due to their ability to integrate local and global feature learning seamlessly. DOLG 
integrates complementary local and global feature representations using orthogonal fu-
sion and applies attention mechanisms to prioritize spatially significant features. To-
kenizer, on the other hand, aggregates local features into visual tokens using self-attention 
and cross-attention mechanisms, enabling efficient and semantically rich representations. 

HOW, DELG, and NetVLAD place in the middle tier. HOW innovates by combining 
learned deep local descriptors with ASMK for efficient and effective matching, providing 
moderate performance in structured environments. DELG unifies global and local fea-
tures, employing generalized mean pooling for global descriptors and attentive selection 
for local features. NetVLAD, one of the foundational methods in this domain, integrates 
VLAD pooling into a CNN framework for end-to-end training. 

In contrast, GeM, R-MAC, and DELF-ASMK + SP rank lower. GeM, with its general-
ized mean pooling approach, provides a simple but less discriminative global descriptor. 
R-MAC aggregates regional features but may struggle to capture fine-grained spatial de-
tails. DELF-ASMK + SP, though benefiting from spatial verification, remains constrained 
by its reliance on handcrafted aggregation techniques. 

Oxford and Paris. E2E-R-MAC, DIR, and DELF rank as the top-performing methods. 
E2E-R-MAC stands out with its end-to-end training pipeline, which integrates regional 
pooling and dimensionality reduction into a unified framework. DIR builds on the R-
MAC framework by incorporating region proposal networks and triplet loss, providing 
content-aware pooling and improved regional feature quality, which results in high pre-
cision and robustness. DELF, although ranking lower compared to more recent methods, 
demonstrated strong performance in its early years. 

Medium-performing methods include R-MAC, MAC, BoW (iSP + ctx QE), BoW 
(SPAUG + DQE + RootSIFT), and BoW (Elliptical regions + SP + QE). While R-MAC ranks 
lower compared to more recent methods on the ℛOxford and ℛParis datasets, it demon-
strated moderate performance during its early years. MAC also achieves competitive re-
sults by employing maximum activation pooling to create compact image representations. 
The BoW-based methods in this category improve traditional BoW approaches through 
refinements such as incremental Spatial Re-Ranking (iSP), Contextual Query Expansion 
(ctx QE), spatial augmentation (SPAUG), Discriminative Query Expansion (DQE), and 
RootSIFT features, making them competitive compared to learning-based approaches. 

Lower-performing methods include CroW, SPoC, and BoW (tf-idf + SP). Despite the 
early adoption of deep convolutional features from SPoC, its use of a simplistic sum pool-
ing strategy may not be able to capture complex image details effectively. BoW (tf-idf + 
SP) incorporates frequency-inverse document frequency (tf-idf) weighting and spatial 
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pooling. Yet, its heavy reliance on handcrafted features and visual word representations 
may still struggle with complex scenes. 

QE and αQE improvements. QE (query expansion) refines image retrieval results by 
iteratively updating the query representation based on the top-ranked retrieved images. 
This dynamic adjustment enhances recall and precision. αQE extends QE by assigning 
weighted contributions to the top-ranked images based on their similarity to the query. 
This α-weighting mechanism ensures that highly similar results have a stronger influence 
on the refined query. 

In Tables 3 and 4, GEM + αQE shows improved accuracy over GEM due to the α-
weighted refinement process. In Table 5, the incorporation of QE enhances multiple meth-
ods: DIR + QE outperforms DIR, MAC + QE outperforms MAC, R-MAC + QE outperforms 
R-MAC, and CroW + QE outperforms CroW. These enhancements demonstrate the con-
sistent benefits of QE and αQE across diverse retrieval methods. 

6.2. Comparing 6-Dof Pose Estimation Methods on Common Benchmarks 

This section evaluates the six major classes of 6-DoF pose estimation methods across 
widely recognized benchmarks—7-Scenes, CLD, Aachen Day–Night, and RobotCar Sea-
sons datasets—as shown in Tables 6–9, respectively. The 7-Scenes and CLD datasets are 
the most established benchmarks for APR and SCR techniques, providing diverse indoor 
and outdoor scenarios, respectively. They primarily evaluate performance using TE and 
RE metrics. Conversely, Aachen Day–Night and RobotCar Seasons serve as mainstream 
benchmarks for feature matching-based localization, offering urban- and street-level 
scenes under varying conditions, such as lighting, weather, and occlusions. These datasets 
assess localization robustness using AR at three precision thresholds: high (≤0.25m, ≤2°), 
medium (≤0.5m, ≤5°), and low (≤5m, ≤10°). The following presents intra-class compari-
sons, which analyze the performance of methods within each localization class, and inter-
class comparisons, which examine performance trends across the six major localization 
classes. 

Table 6. TE and RE of localization methods evaluated on the 7-Scenes indoor dataset, averaged 
across the seven scenes: chess, fire, heads, office, pumpkin, kitchen and stairs. Note: Lower values 
indicate better performance. 

Method Type Method TE (cm) RE (°) 
Approximate 2D-2D DenseVLAD [20] 26.14 13.11 

Precise 2D-2D 

CamNet [48] 3.86 1.69 
AnchorNet [47] 9.00 6.74 

EssNet [50] 19.00 4.28 
RelocNet [46] 21.00 6.73 

Relative PN [44] 21.00 9.28 

Direct 2D-3D PixLoc [88] 2.86 0.98 
Active Search [79] 3.71 1.18 

Hierarchical 
2D-3D 

HF-Net [100] 3.14 1.09 
InLoc [98] 4.14 1.38 

APR 

VLocNet++ [125] 2.15 1.39 
DFNet+ [130] 2.42 0.79 
VLocNet [124] 4.80 3.80 
DFNet [129] 6.42 1.93 

MS-Transformer+ [122] 15.00 7.28 
MS-Transformer [121] 18.00 7.28 

MLF [128] 18.42 7.44 
AdPR [126] 19.42 7.47 
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AtLoc [116] 19.71 7.56 
MapNet [115] 20.71 7.79 

GeoPoseNet [110] 22.86 8.12 
HourGlass-Pose [112] 23.29 9.53 

VidLoc [123] 25.00 - 
BranchNet [113] 29.00 8.30 

LSTM PoseNet [111] 31.29 9.85 
PoseNet [108] 44.14 10.40 

Bayesian PoseNet [109] 46.57 9.81 

SCR 

ACE++ [145] 0.30 1.00 
ACE [144] 0.33 1.08 

HSCNet++ [139] 2.29 0.81 
HSCNet [138] 2.71 0.90 
DSAC* [137] 2.71 1.36 

NeuMap [141] 3.14 1.09 
MaRepo [142] 3.18 1.54 
DSAC++ [135] 3.57 1.10 
SACReg [143] 3.71 1.22 
DSAC [134] 20.00 6.30 

Table 7. TE and RE of localization methods evaluated on the CLD outdoor dataset, averaged across 
four landmark categories: King’s College, Old Hospital, St. Mary’s Church, Shop Façade. Note: 
Lower values indicate better performance. 

Method Type Method TE (cm) RE (°) 
Approximate 2D-2D DenseVLAD [20] 255.75 7.10 

Precise 2D-2D EssNet [50] 83.00 1.36 
AnchorNet [47] 84.00 2.10 

Direct 2D-3D 

BGNet [86] 5.93 0.13 
FuseLoc [92] 10.00 0.20 

UM [83] 11.23 0.40 
Active Search [79] 13.80 0.23 

PixLoc [88] 15.00 0.25 
Hierarchical 2D-3D HF-Net [100] 10.80 0.20 

APR 

DFNet+ [130] 35.25 0.77 
VLocNet [124] 78.40 2.82 

MS-Transformer+ [122] 96.00 2.73 
DFNet [129] 119.25 2.90 

MS-Transformer [121] 128.00 2.73 
LSTM PoseNet [111] 130.00 5.52 

SVS-Pose [114] 132.50 5.17 
GeoPoseNet [110] 163.25 2.86 

Bayesian PoseNet [109] 192.00 6.28 
PoseNet [108] 208.50 6.83 

SCR 

SACReg [143] 8.75 0.23 
ACE [144] 10.25 0.30 

ACE++ [145] 11.25 0.28 
HSCNet [138] 13.00 0.30 

HSCNet++ [139] 13.50 0.29 
DSAC* [137] 13.50 0.35 

NeuMap [141] 14.00 0.33 
DSAC++ [135] 14.25 0.33 
DSAC [134] 31.75 0.78 
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Table 8. AR of localization methods evaluated on the Aachen Day–Night dataset. Three different 
AR thresholds are used: high-precision (0.25 m, 2°), mid-precision (0.5 m, 5°), and low-precision (5 
m, 10°). Note: Higher values indicate better performance. 

  Day Night 
Method Type Method High Mid Low High Mid Low 

Approximate 2D-2D 
FAB-MAP [13] 0.0 0.0 4.6 0.0 0.0 0.0 
NetVLAD [24] 0.0 0.2 18.9 0.0 0.0 14.3 

DenseVLAD [20] 0.0 0.1 22.8 0.0 1.0 19.4 

Direct 2D-3D 
Active Search [79] 85.3 92.2 97.9 39.8 49.0 64.3 

BGNet [86] 84.5 92.4 96.2 46.9 63.3 84.7 
PixLoc [88] 84.7 94.2 98.8 81.6 93.9 100. 

Hierarchical 
2D-3D 

UR2KiD [103] 79.9 88.6 93.6 45.9 64.3 83.7 
S2DNet [102] 84.5 90.3 95.3 74.5 82.7 94.9 
D2-Net [101] 84.3 91.9 96.2 75.5 87.8 95.9 
DSLoc [104] 89.3 95.4 97.6 44.9 67.3 87.8 
HF-Net [100] 89.6 95.4 98.8 86.7 93.9 100. 

SCR 

DSAC [134] 0.4 2.4 34.0 - - - 
ESAC [136] 42.6 59.6 75.5 6.1 10.2 18.4 

HSCNet [138] 65.5 77.3 88.8 22.4 38.8 54.1 
NeuMap [141] 76.2 88.5 95.5 37.8 62.2 87.8 
SACReg [143] 85.8 95.0 99.6 67.5 90.6 100. 
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Table 9. AR of localization methods evaluated on the RobotCar Seasons dataset. Three different AR 
thresholds are used: high-precision (0.25 m, 2°), med-precision (0.5 m, 5°), and low-precision (5 m, 
10°). Note: Higher values indicate better performance. 

  Day Night 
Method Type Method High Mid Low High Mid Low 

Approximate 2D-2D 
NetVLAD [24] 6.4 26.3 90.9 0.3 2.3 15.9 

DenseVLAD [20] 7.6  31.2 91.2 1.0 4.4 22.7 

Direct 
2D-3D 

Active Search [79] 50.9 80.2 96.6 6.9 15.6 31.7 
BGNet [86] 55.7 77.0 94.1 8.4 21.7 50.9 
PixLoc [88] 56.9 82.0 98.1 34.9 67.7 89.5 

Hierarchical 
2D-3D 

S2DNet [102] 53.9 80.6 95.8 14.5 40.2 69.7 
D2-Net [101] 54.5 80.0 95.3 20.4 40.1 55.0 
HF-Net [100] 56.9 81.7 98.1 33.3 65.9 88.8 

6.2.1. Intra-Class Comparisons 

Comparing APR methods. In Tables 6 and 7, DFNet+ consistently achieves the top 
TE and RE on both datasets. This demonstrates its superior capability to handle diverse 
indoor and outdoor conditions, which can be attributed to its neural feature synthesis, 
which refines pose predictions through adaptive color transformations and effective fea-
ture fusion. Next, VLocNet++ and VidLoc are close competitors. The strong performance 
of these methods is driven by pose refinements through spatio-temporal consistency, 
which leverages sequences of frames rather than single images. Subsequently, MS-Trans-
former and MS-Transformer+ achieve high rankings, benefiting from transformer-based 
architectures that enhance the extraction of position and orientation features, along with 
scene-specific attention mechanisms. 

Mid-ranking methods such as AtLoc, AdPR, and MapNet show moderate improve-
ment over early PoseNet variants. AtLoc utilizes attention mechanisms to prioritize stable 
geometric regions in images, which likely accounts for its robustness in variable scenes. 
AdPR provides competitive results by leveraging adversarial training to model the joint 
distribution of RGB images and camera poses. MapNet also performs relatively well, 
aided by incorporating geometric constraints and sequential optimization to enhance pose 
estimation. 

In contrast, early methods such as PoseNet, Bayesian PoseNet, LSTM PoseNet, and 
GeoPoseNet exhibit the highest errors. PoseNet’s basic CNN-based architecture limits its 
ability to handle complex scenes. Bayesian PoseNet incorporates uncertainty modeling, 
which enhances prediction accuracy. LSTM PoseNet incorporates sequential data pro-
cessing through recurrent structures, which offers better handling of dynamic environ-
ments. GeoPoseNet enhances PoseNet’s framework by incorporating geometric con-
straints into the loss function. 

Comparing SCR methods. ACE and ACE++ emerge as the top-performing methods 
on both datasets, benefiting from their efficient architecture combining Accelerated Coor-
dinate Encoding and attention mechanisms, which dynamically refine important features. 
Following closely, the HSCNet series demonstrates strong performance by utilizing hier-
archical coarse-to-fine prediction frameworks, with HSCNet++ benefiting from trans-
former-based modules in capturing global scene contexts, combined with hierarchical 
pseudo-labeling and an angle-based reprojection loss. 

SACReg, on the other hand, exhibits significantly different performance values across 
the two benchmarks. SACReg excels in the CLD outdoor dataset, where its scene-agnostic 
design, powered by vision transformers and cosine-based coordinate encoding, effec-
tively generalizes to complex scenes with significant variations. Conversely, on the 7-
Scenes indoor dataset with simpler or more structured environments, SACReg’s scene-
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agnostic design may not leverage dataset-specific nuances as effectively as methods like 
ACE++ or HSCNet++, resulting in relatively low performance. 

The DSAC series, including DSAC, DSAC++, and DSAC*, ranks as the worst-per-
forming models. While DSAC introduces the differentiable sample consensus mechanism, 
its initial implementation falls behind compared to more recent methods with global-con-
text-awareness and advanced feature extraction capabilities. DSAC++ improves this ap-
proach by incorporating a soft inlier count mechanism, which enhances generalization 
and reduces overfitting. DSAC* further improved accuracy by simplifying the training 
procedure and updating the backbone network architecture. 

Comparing approximate 2D-2D localization methods. Unlike other localization 
techniques, approximate 2D-2D methods are primarily evaluated on image retrieval da-
tasets, as highlighted in Section 6.1. This focus on place recognition datasets limits the 
availability of evaluation results on 6-DoF pose estimation benchmarks, such as those fea-
tured in Tables 6–9. Despite this limitation, we compare the performance of FAB-MAP, 
NetVLAD, and DenseVLAD in Tables 8 and 9. 

DenseVLAD achieves superior accuracy among the three methods. Its dense sam-
pling strategy for local descriptors, combined with VLAD aggregation, ensures strong 
representation of both local and global image features. NetVLAD follows DenseVLAD 
closely in performance by integrating VLAD pooling into a CNN architecture for end-to-
end feature learning. FAB-MAP ranks lowest, relying on a probabilistic approach to 
model co-occurrence relationships between visual words. While effective in mitigating 
perceptual aliasing and dynamic environments, its reliance on handcrafted feature de-
scriptors may limit its capacity to handle the complexity and variability. 

Comparing precise 2D-2D localization methods. Precise 2D-2D localization meth-
ods tackle 6-DoF pose estimation by refining the initial result from approximate 2D-2D 
localization using relative camera pose estimation. In Table 6, CamNet emerges as the top-
performing method across the benchmarks, reflecting its hierarchical triple-step ap-
proach, which separates the tasks of image-based coarse retrieval, pose-based fine re-
trieval, and precise relative pose regression into distinct modules. AnchorNet follows as 
a strong performer with its novel anchor-based approach inspired by human navigation—
assigning anchor points across the scene and predicting relative offsets. EssNet ranks third 
by utilizing an essential matrix-based approach to directly estimate relative poses from 
image pairs. Earlier approaches like RelocNet and Relative PN, while foundational, rely 
on simpler architectures and lack advanced features, such as hierarchical processing or 
geometric loss functions seen in higher-ranking methods, resulting in relatively low accu-
racy. 

Comparing direct 2D-3D localization methods. In Tables 6, 8, and 9, PixLoc emerges 
as a top performer on the 7-Scenes, Aachen Day–Night, and RobotCar Seasons datasets. 
Notably, it performs exceptionally well on the nighttime subsets of the Aachen Day–Night 
and RobotCar Seasons datasets. This performance is likely benefited by its scene-agnostic 
design, enabled by a multi-scale feature extraction pipeline and differentiable pose refine-
ment, enabling scene-agnostic predictions. The incorporation of uncertainty-based 
weighting to focus on stable scene elements makes it robust in dynamic and ambiguous 
environments. However, PixLoc performs poorly on the CLD dataset, as shown in Table 
7. This discrepancy likely stems from the unique characteristics of the CLD dataset, which 
involves large-scale urban environments with highly structured and repetitive elements. 
While PixLoc’s scene-agnostic design excels in generalization, it lacks specialized mecha-
nisms to handle dense, repetitive structures effectively. 

In the next rank, BGNet demonstrates strong performance by employing a bidirec-
tional geometric network, which leverages both geometric constraints and context-aware 
attention mechanisms for precise feature matching. Active Search ranks as the worst-
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performing method overall, despite its efficiency in large-scale structured datasets. Its re-
liance on handcrafted features and traditional optimization techniques likely limits its ac-
curacy and adaptability in diverse or complex environments compared to learning-based 
methods. 

Comparing hierarchical 2D-3D localization methods. Hierarchical 2D-3D localiza-
tion methods reduce the computational costs of direct 2D-3D methods by narrowing 
down the portion of the 3D model involved in matching, achieving a balance between 
efficiency and accuracy. Tables 8 and 9 compare the performance of hierarchical methods 
like HF-Net, DSLoc, D2-Net, S2DNet, and UR2KiD. 

Overall, HF-Net ranks as the top performer on both datasets with its hybrid approach 
of combining global descriptors for image retrieval with local descriptors for precise 
matching. Next, DSLoc demonstrates similar performance on the daytime subset of the 
Aachen Day–Night dataset, where its hybrid approach combining handcrafted and 
learned features with dense semantic 3D maps excels. However, its performance on the 
nighttime subset drops considerably. D2-Net ranks next by leveraging dense feature ex-
traction and detect-and-describe optimization for robust 2D-3D matching. S2DNet follows 
closely, employing a sparse-to-dense matching approach that frames feature matching as 
a supervised classification task. UR2KiD ranks last among the hierarchical methods, with 
particularly poor performance on the nighttime subset of the Aachen Day–Night dataset. 
This may be caused by its reliance on geometric priors and scene-specific filtering, which 
fail to generalize to nighttime scenes. 

6.2.2. Inter-Class Comparisons 

The evaluation results of the six types of localization methods—approximate and 
precise 2D-2D localization, direct and hierarchical 2D-3D localization, and regression-
based methods (SCR and APR) are compared as follows. 

2D-2D Localization Methods. Approximate 2D-2D methods generally show the low-
est accuracy across datasets. This limitation arises from their reliance on the retrieved im-
age pose as the final estimated pose, without geometric refinement. Precise 2D-2D meth-
ods, by incorporating a relative pose estimation step, improve upon approximate meth-
ods. However, even with this enhancement, precise 2D-2D methods exhibit the lowest 
overall performance when compared to 2D-3D localization and regression-based meth-
ods. 

2D-3D Localization Methods. Direct and hierarchical 2D-3D localization methods 
demonstrate comparable accuracy across datasets. Direct methods establish 2D-3D corre-
spondences directly, offering high accuracy but often at the cost of computational effi-
ciency. Hierarchical 2D-3D methods optimize the search space in the 3D model using re-
trieval-based pre-selection, achieving more efficient computation. Both types of 2D-3D 
methods generally outperform regression-based methods. 

Regression-Based Methods. Among regression-based approaches, SCR methods 
consistently outperform APR methods. SCR methods predict dense 3D scene coordinates 
for each image pixel, enabling precise pose estimation through geometric refinement. This 
allows them to surpass the accuracy of APR methods, which rely on direct pose regres-
sion. While recent SCR methods have achieved performance comparable to 2D-3D meth-
ods on outdoor benchmarks, SCR methods such as ACE and ACE++ exhibit superior per-
formance on the 7-Scenes indoor dataset. 

General Trends. Generally, 2D-3D localization methods tend to achieve the highest 
accuracy among all classes. However, recent advancements in SCR methods, such as ACE 
and ACE++, have reached comparable and, in indoor scenes, even superior performance 
to 2D-3D methods, all while maintaining simpler pipeline designs. This demonstrates the 
potential of SCR methods to balance high accuracy with computational efficiency, making 
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them increasingly competitive. In comparison, precise 2D-2D methods, while offering im-
proved accuracy over approximate 2D-2D methods, achieve the lowest accuracy among 
the major localization approaches. This may show the importance of leveraging 3D infor-
mation or advanced regression-based techniques to enhance localization precision. 

7. Challenges and Future Work 
Monocular camera localization in known environments has seen significant advance-

ments, driven by the development of robust feature extraction techniques, efficient 2D-2D 
and 2D-3D matching methods, and deep learning-based pose estimation frameworks. De-
spite these achievements, the introduction of new technologies invariably brings novel 
challenges. In this section, we identify several critical issues and propose future research 
directions. 

7.1. Synthetic Data Generation 

State-of-the-art deep learning-based monocular localization methods often require 
large volumes of high-quality training data to achieve impressive performance. However, 
creating such datasets is a significant challenge due to the time, cost, and effort required 
for large-scale annotation and data collection. Despite the creation of datasets like Aachen 
Day–Night and RobotCar Seasons, which cover diverse and large-scale scenes with varied 
lighting and seasonal conditions, the fast-paced advancements in highly capable deep 
learning models continuously demand even larger datasets with higher variability. This 
creates a persistent gap between dataset availability and the needs of cutting-edge models, 
limiting their ability to push the boundaries of monocular camera localization. 

To address this challenge, recent research has turned to synthetic data generation as 
a promising solution. Techniques like GAN-based image synthesis enable the automatic 
generation of training data, including edge cases such as extreme lighting conditions or 
rare environmental configurations, which are difficult to capture in real-world datasets. 
For example, the Dark Side Augmentation approach [41] employs a CycleGAN-based ar-
chitecture [154] to synthesize realistic nighttime images from daytime data, significantly 
improving retrieval performance in low-light scenarios without requiring real nighttime 
annotations. Similarly, the recent DFNet+ model [11] demonstrates the value of integrat-
ing synthetic views—generated via neural rendering techniques—to enhance model ro-
bustness against viewpoint changes and occlusions. To this end, we recognize the poten-
tial of synthetic data generation to enhance the robustness of monocular localization meth-
ods. 

Future research pathways could focus on several open sub-problems to advance this 
area: 

• Developing specialized GAN variants, such as geometry-aware GANs, that preserve 
3D structural consistency during synthesis to better support tasks like scene coordi-
nate regression (e.g., ensuring synthesized images maintain accurate depth cues for 
2D-3D matching); 

• Exploring hybrid synthesis methods that combine physics-based rendering (e.g., via 
tools like Blender or Unreal Engine) with GANs to simulate dynamic elements like 
weather or crowd movements, which are underrepresented in current datasets; 

• Addressing scalability issues in generating diverse, large-scale synthetic environ-
ments by automating procedural generation pipelines tailored to urban or indoor 
scenes. 

Additionally, research efforts should focus on domain adaptation methods to reduce 
the domain gap between synthetic and real-world data, ensuring that models trained on 
augmented or synthetic datasets perform reliably in practical applications. Concrete 
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avenues include adversarial domain adaptation frameworks [155] to align feature distri-
butions across domains or self-supervised techniques like contrastive learning [156] to 
fine-tune models on unlabeled real data. 

7.2. Generalizable Models 

One of the key limitations for mainstream 2D-3D and SCR localization methods is 
their limited generalization ability across diverse environments. These deep learning-
based methods often excel on specific datasets but struggle when applied to unseen scenes 
with significant changes in appearance, scale, or environmental conditions. Extensive fine-
tuning is frequently required to adapt these models to new settings. 

To address these limitations, future research should prioritize the development of 
models that generalize better across diverse environments without the need for extensive 
retraining. Recent methods have begun to adopt this trend. For example, PixLoc [88] 
demonstrates scene-agnostic performance by optimizing multi-scale feature alignment 
with differentiable pose refinement, reducing reliance on scene-specific training. Simi-
larly, SACReg [138] leverages a Vision Transformer architecture combined with cosine-
based coordinate encoding and cross-attention mechanisms to generalize to diverse envi-
ronments without embedding scene-specific information into model weights. Addition-
ally, hybrid frameworks like MaRepo [137], which combine learned feature representa-
tions with geometric reasoning, provide robustness to variations in environmental condi-
tions. Building on these advancements, future research pathways could focus on several 
open sub-problems to further enhance generalization: 

• Exploiting permutation equivariance in relative pose estimation, as in EquiPose 
[157], to handle unordered correspondences and improve zero-shot performance 
across varying scene structures; 

• Incorporating hypernetworks for adaptive localization, such as in HyperPose [158], 
which uses meta-learning to dynamically adjust parameters for unseen environments 
and extends benchmarks like Cambridge Landmarks for broader evaluation; 

• Scaling relative pose regression through large-scale training, as explored in Reloc3r 
[159], integrating foundation models pre-trained on massive datasets to enable fast, 
accurate localization with minimal adaptation, addressing domain shifts in real-time 
applications like autonomous navigation. 

7.3. Multi-Sensor Fusion 

Monocular camera localization methods primarily rely on visual information, which 
can face challenges in applications requiring fail-safe localization, such as autonomous 
driving, train positioning, and drone navigation. A promising direction for addressing 
these limitations is the integration of multi-sensor fusion, combining visual data with 
other modalities such as GPS, IMU, LiDAR, and RADAR. For applications requiring high 
reliability, these additional sensors provide complementary information that enhances the 
robustness and accuracy of localization systems. For instance, GPS can offer coarse pose 
constraints, while IMU data can improve orientation estimation during rapid movements 
or occlusions. LiDAR and RADAR add geometric and depth information, helping to re-
solve ambiguities in complex or texture-less environments. 

Research could further explore fusion strategies at various levels: 

1. Data-Level Fusion: Combining raw sensor data, such as aligning LiDAR point clouds 
with camera images to create dense spatial representations, as seen in BEVFusion 
[160], which unifies Bird’s-Eye-View representations for multi-task perception. 
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2. Feature-Level Fusion: Integrating feature descriptors from different modalities to im-
prove matching accuracy, for instance, using cross-modal attention in transformer 
architectures to align tokens from camera and LiDAR embeddings. 

3. Decision-Level Fusion: Merging individual pose estimates from various sensors for 
improved robustness and consistency, often enhanced by probabilistic models or 
Kalman filters to handle uncertainties. 

In addition, future research pathways could focus on several open sub-problems to 
advance multi-sensor fusion: 

• Developing adaptive fusion mechanisms that dynamically weigh sensor contribu-
tions based on environmental conditions, extending methods like SAMFusion [161] 
to incorporate real-time uncertainty estimation via Bayesian transformers; 

• Addressing spatio-temporal misalignment in dynamic scenes by exploring Mamba-
style recurrent architectures [162–164] for efficient sequential fusion, potentially im-
proving upon current transformer models in computational efficiency for edge de-
vices; 

• Leveraging large vision–language models for semantic-aware fusion, such as inte-
grating CLIP-like embeddings to enhance cross-modal alignment in unstructured en-
vironments, thereby improving generalization across diverse datasets like nuScenes 
or Waymo Open. 

7.4. Advanced Learning Paradigms 

While significant progress has been made in monocular camera localization, most 
methods rely on conventional deep learning architectures such as CNNs for feature ex-
traction and pose estimation. These architectures, while effective, often struggle with cap-
turing long-range dependencies and contextual relationships across diverse scenes. 

Recent top-performing models have shown a significant trend toward incorporating 
Vision Transformer architectures. For example, SACReg [143], HSCNet++ [139], MS-
Transformer+ [122], and NeuMap [141] achieve superior accuracy by leveraging self-at-
tention mechanisms to effectively capture global context and long-range dependencies. 
These models outperform traditional CNN-based approaches, demonstrating exceptional 
robustness in handling complex and diverse environments. However, transformers tend 
to be computationally intensive, which necessitates future research into designing light-
weight and efficient transformer-based models suitable for real-time applications. 

Beyond transformers, emerging techniques like GNNs are showing promise in mod-
eling spatial and geometric relationships. For instance, BGNet [86] employs bipartite 
graph structures to improve correspondence prediction in 2D-3D matching tasks, enhanc-
ing robustness in structured and repetitive environments compared to CNN-based meth-
ods. Recent advancements, such as the attentional GNN for massive network localization 
[165], further demonstrate GNNs’ potential in scalable visual relocalization. 

In the future, several potential research pathways could be focused on to advance 
this area: 

• Integrating state–space models like Mamba into vision pipelines, as in VimGeo [166], 
to achieve linear-time complexity for long-sequence processing in dynamic environ-
ments while maintaining accuracy; 

• Developing hybrid architectures that combine transformers, GNNs, and SSMs for 
multi-modal fusion, addressing computational bottlenecks in real-time applications; 

• Exploring diffusion-based paradigms for handling pose uncertainty, inspired by 
promptable 3D localization models [167], to improve robustness in noisy or incom-
plete data scenarios. 
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7.5. Lightweight Architectures 

State-of-the-art monocular camera localization methods largely rely on complex neu-
ral network architectures and high-dimensional feature representations to achieve im-
pressive accuracy but at the cost of high computational complexity and memory require-
ments. This poses a significant challenge for deploying these methods on resource-con-
strained devices, such as mobile phones, drones, and autonomous robots, and for real-
time applications. 

Developing lightweight architectures that maintain high accuracy while minimizing 
computational demands is a crucial research direction. Recent studies have shed light on 
this challenge. For example, AnchorNet [47] demonstrates how focusing on anchor points 
can reduce runtime and memory requirements and simplify the localization pipeline 
without significant loss of accuracy. Similarly, HF-Net [100] leverages shared computa-
tion across global and local feature extraction, enhancing efficiency while maintaining ro-
bustness in diverse environments. However, the portability and real-time applicability of 
these highly precise localization methods remain ongoing challenges. 

Potential future research pathways to advance this area include: 

• Applying advanced model compression techniques, such as dynamic pruning and 4-
bit quantization, to further reduce the footprint of transformer-based models while 
preserving pose estimation accuracy in dynamic scenes; 

• Exploring hybrid CNN-Mamba architectures [168-170] to handle long-range depend-
encies efficiently without the quadratic complexity of self-attention, potentially inte-
grating with datasets like Euroc MAV for UAV-specific evaluations; 

• Developing adaptive lightweight models that switch between low-power modes 
based on device constraints, incorporating federated learning for on-device person-
alization in diverse environments like urban navigation. 

8. Conclusions 
Monocular camera localization in known environments plays a crucial role in ena-

bling reliable and efficient positioning for various applications, such as autonomous nav-
igation, augmented reality, and robotics. This review provided a comprehensive analysis 
of the fundamental techniques and recent advancements in the field, categorized into 2D-
2D feature matching-based methods (approximate 2D-2D localization and precise 2D-2D 
localization), 2D-3D feature matching-based methods (direct 2D-3D localization and hier-
archical 2D-3D localization), and regression-based approaches (APR and SCR). Compar-
ative analysis was conducted with both inter-class and intra-class comparisons to evaluate 
the performance differences within and across these categories on mainstream bench-
marks. 

The findings indicate that 2D-3D localization methods generally achieve the highest 
accuracy among all classes. However, recent advancements in SCR methods, such as ACE 
and ACE++, have demonstrated comparable and, in indoor scenes, even superior perfor-
mance to 2D-3D methods, all while maintaining simpler pipeline designs. This highlights 
the potential of SCR methods to balance high accuracy with computational efficiency, 
making them increasingly competitive. Nevertheless, 2D-3D localization methods achieve 
the highest accuracy in structured outdoor environments where dense 3D maps provide 
a strong reference for precise localization. Despite the success, these methods remain re-
source-intensive due to their reliance on extensive 3D mapping and feature matching pro-
cesses. 

A key observation from this review is the growing prominence of deep learning-
based localization methods across all categories. However, the success of these methods 
is highly dependent on the availability of large-scale, annotated training data. To address 
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this challenge, synthetic data generation has emerged as a promising solution. Generative 
models, such as GAN-based systems, can introduce diverse scenarios like extreme light-
ing and complex geometry that are difficult to capture in real-world data. However, these 
synthetic datasets face limitations due to the “domain gap” with real-world data, requir-
ing further research on effective domain adaptation techniques. 

The review also highlights several challenges and areas for future research. One crit-
ical challenge is improving the generalization capabilities of deep learning-based methods 
across diverse environments—specifically those that are unseen in training data. To ad-
dress these issues, future research should prioritize the development of generalizable 
models that minimize the need for extensive retraining. Scene-agnostic approaches, such 
as SACReg and PixLoc, demonstrate promising results by leveraging transformer-based 
architectures and geometric reasoning, but more efficient implementations are needed for 
real-time deployment. Additionally, multi-sensor fusion offers a robust path forward by 
integrating visual data with complementary inputs from GPS, IMU, LiDAR, or RADAR. 
This can provide stability in occluded, texture-less, or extreme-lighting conditions. Future 
approaches could benefit from improved feature-level and decision-level fusion strate-
gies, particularly using transformer-based architectures for efficient multi-modal data in-
tegration, alongside emerging Mamba-style recurrent models for handling spatio-tem-
poral misalignments in dynamic scenes. Lastly, lightweight architectures remain a crucial 
area of research. Current state-of-the-art models, while accurate, often require substantial 
computational resources. Developing streamlined networks that maintain high accuracy 
while reducing resource demands will be essential for real-time applications on resource-
constrained devices such as drones and mobile systems. By addressing these research 
gaps, future studies can unlock new possibilities for more precise, adaptive, and reliable 
localization systems, with broad implications for both academic research and real-world 
applications. 
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